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Landslide susceptibility modeling is a time-consuming and challenging endeavor. In most cases, 
verified field data is limited, and projections of subsurface conditions based on borings or field data are 
highly uncertain. In order to accurately forecast landslide events, several aspects of the geology, climate, 
hydrogeology, land use, soil mechanical properties and spatial variation of soils need to be considered. 
Additionally, modeling landslide susceptibility often requires the integration of several software packages 
for modeling, map building, and analysis. Once developed, however, accurate susceptibility maps help to 
improve public safety by helping to direct response efforts and the implementation of mitigation and 
zoning for development. To address the aforementioned, this thesis presents a framework for calibration 
and optimization of soil depth and landslide susceptibility modeling using statistical methods. It presents 
three data processing tools that can be used to reduce processing time and improve the accuracy of  
landslide susceptibility maps. It also identifies the correlation of landslide susceptibility with various land 
use and land cover factors, which should be considered in future model development. 
The developed framework is applied to the U.S. territory of Puerto Rico, where heavy rains from 
Hurricane Maria caused over 71,000 landslides and debris flows in 2017, impacting the majority of the 
island. The magnitude of this event both emphasizes the necessity for improving landslide susceptibility 
modeling to prepare for future events and provides a detailed dataset for such research.  
Data processing for soil depth and landslide susceptibility maps were completed using Regolith 
and TRIGRS software packages. Simulated soil depth data sets were compared with the observed data 
set using goodness of fit statistical summaries typical of hydrogeological model calibration. Landslide 
susceptibility maps were analyzed using receiver operating characteristics to identify the fit of each model 
type with mapped landslide polygons. Of the eight models tested, the non-linear slope and area 
dependent sediment transport model (NASD) was the best fit model for the Puerto Rico case study. The 
results also indicate that the statistical methods used in this study are in agreement with each other, 
providing a high level of confidence in the results. Additionally, the model type itself and its optimized 
model input parameters are found to be appropriate for the geological and geographical conditions 
considered.  
The results from this thesis provide insight into the importance of integrating a soil depth 
distribution map into the modeling process for shallow rainfall-induced landslide modeling. The developed 
methodology shows improvement over previous susceptibility maps, and should be considered for future 
studies when considering shallow rainfall-induced landslide susceptibility modeling. Finally, the framework 
and tools presented in this thesis can be used as a guide for implementation of batch processing and 
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Landslide susceptibility modeling is a time-consuming and challenging process. In most cases, 
verified field data is limited, and projections of subsurface conditions based on borings or field data are 
highly uncertain. In order to accurately predict landslide events, several aspects of the geology, climate, 
hydrogeology, land use, soil mechanical properties and spatial variation of soils need to be considered. 
Because of uncertainties in these parameters, models typically either over-predict or under-predict 
landslide susceptibility. Additionally, modeling landslide susceptibility is complex and involves integrating 
several software packages and models, requiring numerous steps of calibration, map building, and 
analysis. One of the most challenging aspects of modeling landslide susceptibility for shallow rainfall-
induced landslides is the development of a valid soil depth map, as the basal interface is often the failure 
plane. When considering a soil depth map, there are two significant challenges: (1) it is economically 
impractical to acquire the amount of field measurements necessary to develop an accurate soil depth 
map based on point-to-point interpolation at a high resolution, and (2) soil depth is not uniform across 
landscapes, especially in mountainous regions, and assuming uniformity can introduce significant errors 
into the results (Baum, 2017). 
Landslides are a common occurrence in Puerto Rico due to its geographic, geologic, and climatic 
conditions. The landslides are mostly shallow soil translational failures that occur at the soil/saprolite 
boundary. There are many factors that can contribute to slope instability, but the most common in Puerto 
Rico is heavy rainfall and infiltration that elevates pore water pressures and increases erosion. In 2017, 
Hurricane Maria caused over 71,000 landslides and debris flows on the island of Puerto Rico (Hughes et 
al., 2019). Puerto Rico is an ideal study site to improve landslide susceptibility modeling, as: (1) we have 
access to 1m resolution LiDAR for pre-Hurricane Maria topography (U.S. Geological Survey, 2018), along 
with high resolution aerial imagery (NOAA, 2017), (2) over 71,000 landslide occurrences were recorded 
as headscarp points island wide as a result of Hurricane Maria (Hughes et al., 2019), (3) in four, 
approximately 2km x 2km study areas, landslide polygons were drawn based on aerial imagery in a 
geographic information system (Bessette-Kirton et al., 2019a), (4) field investigations were conducted by 
the U.S. Geological Survey that provide a validated observational data set (Baum et al., 2018), and (5) 
the landslides were generally translational at the soil/saprolite boundary (Bessette-Kirton et al., 2019b) 
making them an excellent source for calibration points where depth of soil is known.  
Soil depths are an important input factor for regional landslide models, and the work presented in 
this study will focus on the software package Regolith for developing these maps. Regolith is a software 
package developed at the U.S. Geological Survey for modeling the spatial distribution of soil regolith 
depths. It is a compilation of several mathematical and empirical soil depth models into a single platform. 
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The models presented in Regolith were developed or tested in specific study areas that may not translate 
accurately to new regions. Thus, they provide a starting point for the user to test the models in their study 
area but lack a calibration process.  
Slope stability will be modeled using the optimized soil depth maps in the software package 
Transient Rainfall Infiltration and Grid-Based Regional Slope-Stability Analysis (TRIGRS). TRIGRS is also 
a software package developed at the U.S. Geological Survey and was designed to model shallow rainfall-
induced landslides using a simple infinite slope analysis based on provided input files and variable 
parameters (Baum et al. 2010; Alvioli and Baum, 2016). It has the capability to model infiltration into 
hillside soils of infinite or finite depth. The two end members (infinite depth and finite depth) are intended 
to represent strong or weak permeability contrasts at the soil-bedrock interface. The soil depth map 
created in Regolith is an integral part of TRIGRS to model landslide susceptibility for shallow soil 
landslides, where the optimized output from Regolith is input into TRIGRS to define the failure plane 
surface. Other inputs for TRIGRS include the soil mechanical properties and topographically derived 
raster files.   
This research intends to optimize the workflow and improve the accuracy of landslide 
susceptibility mapping over sizable study areas with existing models Regolith and TRIGRS. It will focus 
on developing a framework for processing data and utilizing statistical methods for evaluating the 
accuracy of soil depth models and susceptibility maps for translational, shallow, rainfall-induced slope 
instabilities. It will also evaluate selected land use and land cover factors that may be predictive causes of 
instability that could aid in the optimization process. Specifically, the goals of this research are (1) to 
produce reliable landslide susceptibility maps for use in Puerto Rico, (2) develop a calibration framework 
for estimating soil regolith depths, (3) optimize the workflow for generating landslide susceptibility maps 
for shallow rainfall-induced landslides, and (4) explore selected land use factors that may be predictive of 
slope instability. Although this study will be specific to Puerto Rico, the framework developed here can be 
applied in other study areas around the world. 
1.1 Research Questions and Corresponding Hypotheses 
This research project aims to develop a calibration methodology to aid in building landslide 
susceptibility maps, to evaluate land use factors affecting landslide occurrences using statistical methods 
and to optimize the associated workflows.  
Q1.  How can soil regolith depth maps be evaluated and calibrated for use in landslide susceptibility 
models over sizable study areas where landslides are occurring translationally at the soil/saprolite 
boundary? 
Hypothesis: Statistical summaries of simulated data sets compared with observed field data will 
provide a baseline for validation of soil depth models. Many soil depth models have been developed 
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for several different climatic and topographic environments, making it difficult to choose which one will 
work best in a new study area. Currently, no calibration methodology exists for soil regolith models 
developed by the U.S. Geological Survey. There are statistical methods that can be used for quantifying 
the similarity between the simulated soil regolith maps and the observed field data points. The result of 
the comparison will aid in selecting a best fit soil depth model. Additionally, the soil depth maps are 
transformed into landslide susceptibility maps through TRIGRS (factor of safety map) and can be 
compared with observed (mapped) landslides via receiver operating characteristics analysis to quantify 
the accuracy of landslide susceptibility predictions.  
Q2.  Can the labor- and time-intensive process of calibrating soil regolith depth and landslide 
susceptibility maps be simplified through an automated process that automatically inputs value ranges 
and, in some cases, evaluates outputs? 
Hypothesis: A automated process will dramatically reduce the time required for model calibration 
and will increase the result accuracy. In order to obtain a best fit model, numerous model runs of both 
programs, Regolith and TRIGRS, need to be completed using different input values and different 
combinations of input values.  
Q3.  In addition to infinite slope analysis, what land use factors could also be predictive of landslide 
susceptibility? 
Hypothesis: Evaluating the distribution of human-made land use factors in relation to the 
distribution of observed landslides will narrow down higher susceptibility land covers. First, 
Regolith calculates soil depths for each pixel based on natural topography and geomorphology but lacks 
the ability to account for some aspects of land use factors. Secondly, TRIGRS uses infinite slope analysis 
to develop landslide susceptibility maps but lacks the incorporation of outside factors that can alter the 
soil mechanical properties. Therefore, we will explore these limitations of the modeling software packages 







This chapter outlines the background information of this study. It presents the study area, its 
geographic and geologic characteristics, the event that inspired the study, and a brief summary of the 
programs used in this study, the methodologies for landslide susceptibility modeling, files and statistics 
that will be used in the methodology. 
2.1 Study Area 
This research focuses on shallow rainfall-induced landslides in Puerto Rico that occurred as a 
result of Hurricane Maria in 2017. Landslide events are a common occurrence in the mountains of Puerto 
Rico, but the magnitude and distribution of events due to Hurricane Maria was incomparable (Bessette-
Kirton et al., 2019b). An approximately 2 kilometer by 2 kilometer study area in the Utuado municipality 
was chosen for this study because it was one of the worst hit locations on the island (Figure 2.1). 
Bessette-Kirton et al. (2019b) calculated the landslide density using the number of occurrences per 
square kilometer across the entire island and found that the study area presented in this research had the 
highest landslide density rating of >25 landslides/km2. Inside the study area, landslides were drawn as 
polygons based on aerial imagery that was taken in September of 2017 after the event. (Figure 2.2). This 
figure shows both landslide source areas and run-out zones as they were originally mapped. However, 
the polygons were subdivided into source areas and run-out zones because only the source areas were 
used for analysis in this study. All geolocations of landslides island-wide were marked at the headscarp of 
the landslide. Both landslide polygons and headscarp locations were cataloged by the USGS, accessed 
at (https://doi.org/10.5066/P9OW4SLX and https://doi.org/10.5066/P9BVMD74). Landslides in Puerto 
Rico due to the storm were mostly shallow, occurring at the soil/saprolite boundary and induced by the 
heavy rainfall.  
 




Figure 2.2 Aerial imagery of the study area within the Utuado municipality (pink box in Figure 2.1), 
including landslide polygon inventory (white outlined polygons). 
2.2 Puerto Rico 
Puerto Rico is a U.S. territory in the Caribbean Islands that has variable topography including 
mountainous terrain prone to geologic hazards. The mountains span most of the interior of the island and 
generally trend east-west. Surrounding the mountains are lowlands and coastal plains. It is considered an 
extinct volcanic island arc composed of Cretaceous to Eocene volcaniclastic, sedimentary, and igneous 
rocks unconformably overlain by Oligocene-Pliocene carbonates and siliciclastic units (Bessette-Kirton, 
2019b). The bedrock in the Utuado study area is almost entirely intrusive igneous rock overlain by 
saprolite and then soil. The soil in this area is generally clayey sand with slight variations in color and 
particle size distribution (confirmed by USGS field investigations). It has a tropical rainforest climate with 
commonly occurring heavy rainstorm events and an annual hurricane season from June to November 
(Tropical Cyclone Climatology, n.d.). The heavy rains and warm temperatures cause high weathering 
rates of bedrock with average saprolite development of 5 to 10 meters thick (Pando et al., 2005). 
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Mass movements in Puerto Rico come in almost every form including landslides, debris flows, 
rockfalls and slumps. One of the most famous landslides that occurred in Puerto Rico was the estimated 
325,000 cubic yard (248,480 cubic meters) Mameyes Landslide in Ponce (Jibson, 1986). This landslide 
occurred on October 7, 1985 and was considered a rock-block landslide by the Varnes (1978) 
classification. It destroyed 120 homes and caused 129 known fatalities. It was inferred to be triggered by 
heavy rainfall from Tropical Storm Isabel that elevated the pore pressures in the underlying material. 
Furthermore, the residential area on the slope emptied their sewage directly into the ground and it was 
reported that an eight-inch (20.32 cm) water main across the upper part of the slope had been leaking, 
which are both hypothesized as contributing the elevated pore pressures (Jibson,1986). Back analysis of 
the pre-event topography indicates that under dry conditions the landslide mass had a factor of safety of 
1.25. When the water table was raised to half of the block thickness, the factor of safety dropped to 1 
(Jibson, 1992). Other large mass movements have also occurred throughout the island’s history, most of 
which are attributed to heavy rainfall events as well. This event, along with the subsequent events put into 
perspective the need for a better understanding of landslides in Puerto Rico as tropical storms are 
common in the geographic region.  
Although several large landslide events have occurred on the island, shallow seated mass 
movements occur throughout the island much more frequently that also cause significant damage. These 
mass movements are the type that are focused on in this study. The trigger for shallow seated landslides 
has also been attributed to heavy rainfall events but also attributed to anthropogenically modified land 
(Larsen and Parks, 1996), land cover type (Hughes and Schulz, 2020), slope aspect (Larsen and Torres 
Sanchez, 1998), high topographic relief (Pando et al. 2005), and highly weathered residual soils (Pando 
et al., 2005). Shallow soil landslides are also known to mobilized into debris flows in topographic channels 
sending large amounts of sediment at a rapid speed into fluvial networks (Hughes and Schulz, 2020). 
Shallow rainfall-induced landslides have been investigated and modeled by several researchers to better 
understand the causes and triggers for such events. Larsen and Torres Sanchez (1992) documented 400 
shallow soil landslides and debris flows in the Luquillo Experimental Forest caused by Hurricane Hugo in 
1989. 70% of the shallow soil landslides were field verified to have occurred at the soil/saprolite 
boundary. They found that rainfall intensity played a large role in landslide occurrence and that on 
average, 1.2 storms per year produce sufficient rainfall intensity or duration to cause numerous 
landslides. This is because the total rainfall accumulation of Hurricane Hugo was smaller than previously 
documented large storm events but had bursts of high-intensity rainfall. At one rain gauge measuring as 
much as 20 millimeters in 5 minutes. They also found that roads and structures had five times the 
percentage of area disturbed by landslides than forested areas and 12% of the disturbance was in 
grasslands and pastures suggesting that the modified land increased the likelihood of failure (Larsen and 




2.3 Hurricane Maria 
In 2017, Hurricane Maria brought devastation to the island of Puerto Rico. It was considered a 
Category 5 Hurricane on the Saffir-Simpson scale overall and a Category 4 Hurricane when it made 
landfall with the island (Pasch et al., 2019). The storm brought an estimated 12 to 96 centimeters of 
rainfall varying by location and elevation, that caused flooding, coastal inundation, landslides, and debris 
flows, along with estimated wind speeds up to 250 km/hr. It was ranked among the deadliest hurricanes 
in history with a death toll totaling almost 3,000 (Baldwin and Begnaud, 2018), it was the third most costly 
hurricane in US history (Pasch et al., 2019), and it caused the largest power outage in American history, 
cutting power to 3 million people and the majority of the telecommunication grid (Marsters and Houser, 
2017). The most destructive aspects of this event were the flooding, landslides and debris flows. As 
rainfall and water infiltration occur in the overlying soil, pore pressures increase, which can result in 
devastating landslides (Terzaghi, 1951). Landslides and debris flows also resulted from heavy soil 
erosion due to intense precipitation runoff. The landslides and debris flows destroyed roads, power lines, 
and most structures that were within the landslide source areas or in the runout zones. It is important to 
note that the Category 5 Hurricane Irma had hit the island two weeks prior to Hurricane Maria, and Irma 
brought extreme rainfall, caused significant damage and potentially set the stage for elevated pore 
pressures in the soil. 
2.4 Regolith 
Regolith is a Fortran95 executable program that was developed by the USGS for generating soil 
depth maps that may be used in landslide analysis. It should be noted here that the software used in this 
research is still under development and is not currently publicly available. This program was first 
introduced at the 3rd North American Symposium on Landslides in 2017 (Baum, 2017). In Puerto Rico, 
landslides due to Hurricane Maria were mostly shallow and occurred at the soil/saprolite boundary, 
necessitating a soil depth map as a baseline estimate for depth to the slide plane. 
Geomorphologists have developed several different soil depth models to simulate soil depth 
distribution based on geomorphological parameters (DeRose, 1991; DeRose et al. 1996; Pelletier and 
Rasmussen, 2009; Baum et al. 2011; Ho et al., 2012). The DeRose (1991) model was developed using 
data collected from hillslopes in Taranki, New Zealand. In this case, data was plotted with regolith depth 
on the y-axis and mean profile slope on the x-axis and fit a regression line to the data to get a best fit 
equation. They also developed graphs of depth versus hillslope position to calculate confidence limits and 
analyzed frequency distribution graphs. They found that mean regolith depth decreased with increasing 
mean profile slope angle in swales, while mean regolith depth was relatively constant with mean profile 
slope in spurs (DeRose, 1991) (swales are topographic concavities or basins, and spurs are topographic 
convexities or ridges). The Pelletier and Rasmussen (2009) models were developed based on previous 
studies to define equations and solution methods for soil-depth steady state condition. In this case they 
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tested and compared the models on data collected from the Marshall Gulch Watershed in the Santa 
Catalina Mountains of Tucson, AZ. In this case, they simply used the root-mean-squared difference for 
comparing observed data with simulated data to find the best fit input parameters. They found that some 
models performed better than others in their study area. While valuable, these case studies could be 
enhanced by (1) applying the methodologies to additional geographic and climatic regions and (2) by 
calculating additional summary statistics to better constrain input parameters and quantify accuracy. 
The software Regolith has compiled several of these models into an executable program where 
geomorphological values, such as maximum/minimum soil depth and angle of stability can be defined, 
and value raster maps can be input accordingly. There are eight soil depth models in Regolith that will be 
calibrated and compared with each other in this study. Below is a brief description of the nine models. 
● DRS1: Empirical exponential slope dependence (DeRose, 1991)  
● DRS2: Empirical 3rd-degree polynomial slope dependence (DeRose, 1991)  
● WNDX: Modified soil wetness index, linear area dependent transport (Ho et al. 2012)  
● NSD: Nonlinear slope dependent transport (Pelletier and Rasmussen, 2009)  
● NSDA: Nonlinear slope dependent transport, with linear area dependence (Pelletier and 
Rasmussen, 2009)  
 
● NASD: Nonlinear slope and area dependent transport (Pelletier and Rasmussen, 2009)  
● NDS1: Nonlinear slope and depth dependent transport (Pelletier and Rasmussen, 2009)  
● NDS2: Nonlinear slope and depth dependent transport with a slightly different numerical scheme 
than the NDS1 model (Pelletier and Rasmussen, 2009) 
Depending on the model type, the program requires a combination of the following raster files: 
filled digital elevation model (DEM), D-Infinity flow accumulation, plan-form curvature, RG slope, and 
topoindex. These files are described in more detail as follows. 
Filled DEM (ESRI, 2014) 
This is a DEM that is modified using the “Fill” tool in ArcMap. “Fill” fills sinks and cuts peaks in the 
topography that are typical errors of resolution and rounding. A filled DEM ensures a proper delineation of 
basins and streams. 
D-Infinity Flow Accumulation (ESRI, 2014) 
This is a raster file that represents the accumulated flow to each cell in the filled DEM file. It is 
determined by the upslope contributing area and corresponding downstream topography. The D-Infinity 
(Tarboton, 1997) refers to the flow direction type selected, infinity being a floating-point value in single 
degrees from 0º to 360º, starting at 0º (equal to due east). “Floating-point” meaning numerical values with 
fractional values within a specific range. For area-dependent models, it produces a smoother soil model 




Plan Form Curvature (ESRI, 2014) 
This is a raster file that represents the curvature of each pixel of the filled DEM surface. “Plan 
Form” refers to curvature perpendicular to the direction of the maximum slope. Positive values are 
upwardly convex, while negative values are upwardly concave, and 0 indicates a flat surface. 
RG Slope (Regolith) 
This raster file is a slope grid of the study area. It is created in Regolith for the first model run and 
is looped back in for each additional iteration. It is used instead of the ArcMap Spatial Analyst (version 
10.6 and later) slope raster, to avoid nulls along the edges. 
Topoindex (Baum 2010) 
This tool prepares a group of data files for the runoff-routing calculations. The output is a raster 
containing two grids, one that ranks cells from highest to lowest elevation and one grid of cells that 
indicates the neighboring cell on the steepest downslope path.  
These files are generated in ArcMap and other geospatial programs prior to running Regolith. The 
output of Regolith is a soil depth map that represents the distribution of soil depths as pixel values 
corresponding to the specified input raster files and geomorphological parameters. Several iterations with 
varying input parameters are run in order to calibrate the models to each specific study area. Currently, 
no framework or defined process has been developed to validate these soil depth model outputs. 
2.5 Landslide Susceptibility Modeling 
Landslide susceptibility modeling can be completed using many different methodologies. In 
general, the goal is to quantify the probability of a landslide occurring. To do so, quantification methods 
are used to fit area contributing factors or compare stability models to areas where landslides have 
occurred historically. This includes geological, soil mechanical, climatic, anthropogenic, hydrogeological 
and vegetative factors. This section is intended to review previous modeling methodologies that have 
been applied to shallow landslides in Puerto Rico.  
In 1979, Monroe proposed a landslide susceptibility map for Puerto Rico based on landslide 
activity, slope, and distribution of slide-prone rock and soil. This approach categorized most of the island 
as susceptible to landslides, with only the flat-lying areas having low susceptibility. This makes sense on 
a coarse resolution, but a much higher resolution is necessary for planning and engineering purposes.   
The Disaster Mitigation Act (DMA) 2000 Hazard Mitigation Plan (Tetra Tech, 2011) susceptibility 
map was based on the work done by Larsen and Torres Sanchez in (1998). The resulting landslide 
susceptibility map was formulated using GIS. The study used a matrix of geographic factors to normalize 
the frequency of landslides. Factors incorporated into the model include slope gradient, elevation, aspect, 
and anthropogenic disturbances. This study found that the highest frequency of landslides was in areas 
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that were anthropogenically modified (roads, buildings, and agriculture) and the lowest was in heavily 
forested areas. The thresholds for the susceptibility include slope angles greater than 12º, elevation 
greater than 300 meters, and east-northeast slope aspects (Tetra Tech, 2011). This is a computationally 
simple methodology for calculating the susceptibility to landslides, but assumes a heterogeneous 
environment. This method is likely not useful on a site-specific scale where the geologic and geographic 
conditions are unique. 
Frequency ratio and linear regression methods for developing landslide susceptibility maps were 
used by Lepore et al. (2012) and Hughes and Schulz (2020). Lepore et al. (2012) used a spatial data 
base of slope, aspect, elevation, curvature, distance from geologic discontinuities, distance to roads, 
geology, and land cover to calculate the frequency ratio of each factor in relation to a historical landslide 
inventory in Puerto Rico. This study built off of the previous studies by Monroe (1979) and Larsen and 
Torres Sanchez (1998) by adding more factors to the model. The historical landslide inventory covered 
three basins of the island. The susceptibility index was determined by testing different combinations of 
contributing factors and optimizing the receiver operating characteristics curve to have the highest area 
under the curve (AUC). The optimized susceptibility index for all three basins combined had an AUC of 
68% at a 30 meter resolution, and included factors for aspect, slope, elevation, distance from faults, 
geology, and land cover. This study also created a linear regression model for the basins. They found that 
although the linear regression model was a robust and proven methodology for this type of application, 
the method is much more complex and requires significant computational power that did not improve the 
results over the simpler frequency ratio method (Lepore et al., 2012).  
The report by Hughes and Shultz (2020) also uses the frequency ratio method but applies it to the 
entire island-wide inventory of 71,431 landslides caused by Hurricane Maria. In this study they used a 
random 75% of the inventory to calculate the susceptibility index and the remaining 25% to evaluate the 
model using receiver operating characteristics. This model included factors for slope, curvature, proximity 
to roads, geologic terrane, annual precipitation, proximity to topographic channels, landcover, soil 
classification, and soil moisture making the most comprehensive frequency ratio model to date in Puerto 
Rico. The output was an aggregate susceptibility index (SIA) and an aggregate susceptibility index 
modified by the soil moisture (SIAm) at a 5 meter resolution island-wide. To summarize key aspects of 
their results, slopes from 40º-45º had the highest frequency ratio, curved slopes had a higher frequency 
ratio than planar slopes, and areas within 100 meters of a road had higher susceptibility than farther away 
but was not a strong indicator. Local geology was an important indicator of susceptibility, mean annual 
precipitation had a strong correlation with landslide sites, and proximity to a fluvial channel indicated low 
susceptibility. Land cover frequency ratio was highly variable but abandoned and active coffee plantations 
and evergreen shrublands and woodlands had the highest frequency ratios, soil classification was the 
best non-slope contributing factor for determination of susceptible zones, and soil moisture had one of the 
highest frequency ratios of all the factors. The resulting ROC curves in this study showed AUC values for 
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SIA and SIAm of 0.88 and 0.87 respectively. The AUC composite for all non-slope factors was 0.94 
(Hughes and Shultz, 2020). Their results are a significant improvement on previous models and provide 
output at a higher resolution.  
The method used for modeling landslide susceptibility in this research project is calculating 
factors of safety using the program TRIGRS (Transient Rainfall Infiltration and Grid-Based Regional 
Slope-Stability Analysis). The difference in this methodology compared to other methodologies is that it 
does not calculate the susceptibility based on previous failures (frequency ratio, linear regression, or 
matrices). Rather, it calculates susceptibility based on pre-event topography using an infinite slope 
analysis for each pixel based on the soil mechanical, hydrogeologic and topographic properties of each 
pixel. The advantage of using this methodology over others is the 1 meter resolution on a basin size scale 
with the ultimate goal of identifying potential source areas for landslides that can be applied to identifying 
at risk areas, volume calculations and run-out distances. TRIGRS was developed by Rex L. Baum, 
William Z. Savage, and Jonathan W. Godt at the USGS, with the most current revision in 2016 (Baum et 
al., 2010; Alvioli and Baum, 2016). It is designed to simulate the timing and distribution of shallow rainfall-
induced landslides. It calculates the changes in factor of safety for each pixel across a study area by 
using changes in pore pressure due to rainfall infiltration and a simple infinite slope model. The factor of 
safety represents the stability of a slope in terms of resisting forces divided by driving forces (Equation 
2.1). In this equation there are two raster grids used as inputs, one for the groundwater pressure (Ψ), and 
one for the depth of failure plane (Z). In the case for Puerto Rico, and for shallow rainfall-induced 
landslides in general, Z will be a soil depth map raster. When the water table is at the plane of failure (Ψ = 
0), the soil is dry. Alternatively, when depth to the water table, d, is set to zero (d = 0), the water table is 
defined as at the ground surface. This study is not simulating rainfall infiltration because the objective to 
generate the most conservative map. Thus, having the water table at the ground surface effectively 
simulates the expected worst-case scenario that could result from heavy rainfall. In general, a factor of 
safety less than one is considered unstable and a factor of safety greater than one is considered stable. 
TRIGRS also incorporates subsurface flow of storm water and routing of runoff if needed, which is not 
investigated in this study. This program can be run with infiltration models on either an infinitely deep 
basal boundary or with a defined depth of an impermeable layer. In the case of a finite depth to the 
infiltration basal boundary and failure plane, the depth can be defined by a depth distribution map, such 
as the soil depth map developed in Regolith above, which input into TRIGRS. This software outputs 
raster files of pressure head and factor of safety that are used in conjunction with a geographic 
information system for analysis. If known failures have been mapped and recorded, TRIGRS simulated 





𝐹𝑆(𝑍, 𝑡) = 𝑡𝑎𝑛 𝜙′ 𝑡𝑎𝑛 𝛿 + 𝑐′−𝛹(𝑍,𝑡)𝛾𝑤𝑡𝑎𝑛 𝜙′ 𝛾𝑆𝑍𝑠𝑖𝑛 𝛿 𝑐𝑜𝑠 𝛿       (2.1) 
Where, 
Fs =Factor of Safety 
c’  =Soil Cohesion 
Z  =Depth of Failure Surface 
Ψ  =Groundwater Pressure Head 
ϕ’  =Friction Angle 
δ =Slope Angle 
γw  =Unit Weight of Water 
γs  =Unit Weight of Soil 
 
2.6 Calibration 
Statistical summaries are used for calibrating and evaluating simulated model results with 
observed field data. This is an ideal approach for studying large areas such as in hydrogeological models 
and landslide susceptibility models because there is typically limited data available, and many models 
have ranges of geological and hydrological input parameters. Comparing simulated models with observed 
models allows for a quantification of fit of the simulated models that will ultimately result in a best fit 
model. 
Statistics can also be used for identifying data trends graphically and geospatially. Two geospatial 
data trends will be explored in this study, distance to roads and buildings, and frequency of landslide 
occurrence within land use and land cover types. This will aid in identifying some of the limitations of the 
modeling software packages, and provide a baseline for additional geospatial data that can be integrated 
into the existing data set, potentially improving the model. Studies have shown that distance to roads 
influences slope stability. For example, Larsen and Parks (1997) found that mass wasting was 5 to 8 
times more likely within 85 meters of the road in the forest montane environment of Puerto Rico. This 
study correlated average landslide frequency per square kilometer to distance from roads. In another 
study, Brenning et. al. (2015) found that landslide susceptibility increased by one order of magnitude near 
roads in the Southern Andes of Ecuador; that study used an odds ratio approach, comparing frequency at 
25 meters versus 200 meters from roads. Larsen and Torres Sanchez (1998) explored the frequency and 
distribution of landslides in three mountainous regions of Puerto Rico. In this case, anthropogenically 
modified land was one of the strongest controls on instability. They concluded that agricultural land, which 
is modified from cattle through high compaction and loss of soil structure, promotes runoff and increases 











This thesis aims to develop a calibration framework for optimizing soil depth and landslide 
susceptibility models by integrating several data sources and software packages. This chapter outlines 
the methodology used for calibration, optimization, and analysis of the data and models.  
3.1 Flow Chart 
 Figure 3.1 is a flow chart including each step of the calibration process and serves as a map for 
the project methodology. Figure 3.1 is separated into three columns that represent specific sub-sections 
of Chapter 3. 
 
Figure 3.1 Flow diagram of calibration process. D-Infinity refers to the procedure for computing flow 
direction and flow accumulation without grid bias by Tarboton (1997). 
3.2 Available Data  
 This research is based on field work completed by the USGS, desktop work completed by the 
USGS and University of Puerto Rico Mayaguez, and data collection before and after Hurricane Maria. 
Data used for this study includes:  
● Island wide 1-meter resolution digital elevation model (DEM) for pre-Hurricane Maria 
topography (USGS, 2018) 
● Landslide head scarp points shapefile (71,000+ island-wide) (Hughes et al., 2019) 
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● Landslide polygon shapefiles in four specified study areas (Bessette-Kirton et al., 2019a) 
● Land cover shapefile (University of Puerto Rico, 2006) 
● Island-wide high-resolution aerial imagery (NOAA, 2017) 
● USGS field investigations conducted in 2018 (Baum et al., 2018) 
3.3 Generating and Calibrating Soil Depth Maps 
A framework was developed that encompasses all stages of the soil depth map generation and 
calibration. The framework includes steps for each stage of the process and suggestions for geospatial 
tools for generating the necessary data files. Although this study will be specific to Puerto Rico, the 
framework developed here can be applied in other study areas.  
Data files, including a Filled DEM, D-Infinity flow accumulation, and plan-form curvature were 
generated using the hydrology toolbox in ArcMap from the 1 meter DEM representing the pre-hurricane 
topography. The slope grid was generated by Regolith and is looped back into the processing, and the 
topoindex file was generated using the topoindex tool, downloaded as part of the TRIGRS software 
package. Additionally, Regolith and TRIGRS require the Filled DEM, D8 Flow Accumulation or D-Infinity 
Flow Accumulation, and Planform Curvature data files to be converted from raster to ASCII format. 
Generating these data products was the first step in the framework that will provide the necessary files for 
running Regolith and TRIGRS. Below are the tools that were used to create each input file raster. 
Filled DEM 
● Fill (ArcMap Tools - Spatial Analyst) 
● Default Settings 
D8 Flow Direction  
● Flow Direction (ArcMap Tools - Spatial Analyst) 
● Input: Filled DEM raster 
● Select the “D8” flow direction type in the drop-down menu 
D-Infinity Flow Direction  
● Flow Direction (ArcMap Tools - Spatial Analyst) 
● Input: Filled DEM raster 
● Select the “Inf” flow direction type in the drop-down menu 
D8 Flow Accumulation  
● Flow Accumulation (ArcMap Tools - Spatial Analyst) 
● Input: D8 Flow Direction raster 
● Select the “D8” Flow Accumulation type in the drop-down menu 
D-Infinity Flow Accumulation (Tarbonton, 1997) 
● Flow Accumulation (ArcMap Tools - Spatial Analyst) 
● Input: D-Infinity Flow Direction raster 
15 
 
● Select the “Inf” Flow Accumulation type in the drop-down menu 
Planform Curvature  
● Curvature (ArcMap Tools - Spatial Analyst) 
● Input: Filled DEM raster 
● Enter a filename into the “output plan curve raster” box 
Export as ASCII grids  
● Raster to ASCII (ArcMap Tools - Conversion) 
● Select .TXT file type 
Slope Grid (Regolith) 
A slope grid for the study area was created in Regolith. Regolith automatically makes this raster 
file, unless a slope grid already exists and its path name is listed in the input file rg_in.txt. The raster file, 
RG_slope.asc, was saved to the output folder and was also used in TRIGRS. 
● Enter “none” into the slope grid line of the rg_in.txt file for Regolith 
● Once the model has run once with “none” in the slope grid line, a slope grid file will appear in the 
output folder 
● Copy and paste the slope grid file into the Regolith input folder 
● Enter the slope grid filename and path into the slope grid line of the rg_in.txt file 
TopoIndex (TRIGRS) 
Generate the cell index grid using the Topoindex tool provided with the TRIGRS software 
package (available at https://code.usgs.gov/usgs/landslides-trigrs/tags) 
● Unzip and open the link "TRIGRS_2.1_Win64.zip". The executable version, topoIndex.exe, 
should be among the files contained in the zip file 
● Change the names of the elevation grid and direction grid files, the title, and the output 
identification suffix in the tpx_in.txt file 
● Run topoIndex.exe to generate the elevation index grid 
Each of the outputs from this procedure (Filled DEM, D8 Flow Accumulation, D-Infinity Flow 
Accumulation, and Planform Curvature, RG Slope, and Topo Index) was an input into the Regolith 
program input text file “rg_in.txt”.  
3.4 Observational Data Set  
The U.S. Geological Survey conducted field investigations in several study areas in Puerto Rico 
following Hurricane Maria (Baum et al., 2018). In the Utuado study area, detailed field observations were 
collected at twelve locations where significant landslides occurred (Figure 3.2). Only source areas are 
used in the analysis and calibration process, which is described in more detail in the following sections. 
Data collected at each site included slope angle, average width, average length, maximum depth, 
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average depth, and relevant information on soil characteristics, basal interface, and other notable 
observations (Tables 3.1, 3.2, 3.3 and 3.4). This data was used as the observed data set for calibration. 
 
Figure 3.2 Utuado study area showing field data collection points. 













JAC19U 0.4 0.2 - 9 27.5 
CCD9-U 0.45 0.15 0.45 7 4.6 
CCD11-U 0.45 0.3 0.55 7.5 16 
CCD14-U 0.75 0.3 0.75 12.4 17 
CCD7-U 0.6 0.3 0.6 12 14.5 
CCD18-U 1.2 0.5 1.2 26.9 8 
CCD16-U 1.2 0.7 0.45 8.3 11.3 
CCD27-U 1 0.5 0.5 18 18.8 
CCD22-U 1.3 1 1 10 17 
CCD20-U 1.3 0.7 - 5 12 
CCD24-U - 1 - 9.1 57 
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Table 3.1: Continued 
CCD23-U - 2.5 - 40 45 
Average 0.9 0.7 0.6 13.8 20.7 
Minimum    5.0 4.6 
 
Table 3.2 Additional field observation data (unpublished USGS field observations). 









JAC19U 744430.745 2022099 other intrusive natural Other 
CCD9-U 744422.166 2022145 toe intrusive natural Vines 
CCD11-U 744432.297 2022145 toe intrusive natural Vines 
CCD14-U 744340.152 2022159 toe intrusive natural Shrubs 
CCD7-U 744312.747 2022173 flank intrusive natural Shrubs 
CCD18-U 743505.518 2022192 flank intrusive developed Grasses 
CCD16-U 743505.116 2022220 head intrusive developed Grasses 
CCD27-U 743583.841 2022724 head intrusive natural Vines 
CCD22-U 743544.866 2022982 head intrusive developed Shrubs 
CCD20-U 743561.963 2022996 head intrusive developed Vines 
CCD24-U 743957.319 2023156 head intrusive developed Vines 
CCD23-U 744009.411 2023172 head intrusive developed Trees 
 
Table 3.3 Additional field observation data (unpublished USGS field observations). 








JAC19U concave translational 48 full rock none 
CCD9-U planar translational 44 full rock none 
CCD11-U planar translational 44 full soil coherent 
CCD14-U planar translational 44 full rock remolded 
CCD7-U planar translational 42 partial rock remolded 
CCD18-U planar translational 37 partial rock coherent 
CCD16-U planar translational 34 partial soil remolded 
CCD27-U planar translational 35 partial rock - 
CCD22-U concave translational 31 - soil - 
CCD20-U concave translational 41 partial soil fragmented 
CCD24-U concave translational 35 partial soil remolded 





Table 3.4 Summarized field observation notes (red text indicates unreliable observations, purple indicates 
depth needs to be altered to match observation, green indicates failure plane is at soil saprolite 




Headscarp was inaccessible but no red soil visible from our location so we cannot 
complete a soil description because of a lack of remaining soil. 
CCD9-U 
 
Very thin and rilled, possibly initiated from overland flow. Failure point was at soil/rock 
boundary. Fine sand to fine gravels, poorly graded. 
CCD11-U 
 
Very thin and rilled, possibly initiated from overland flow. Failure point was in soil. Fine 
sand to fine gravels, poorly graded. Did not evacuate to rock. 
CCD14-U 
 
Failure point locally exposes saprolite/rock, but it is unclear if it was in rock or soil. 
Local pockets of colluvium (mix of soil and angular clasts). 
CCD7-U Failure point is at contact between soil and saprolite/rock (some relict bedding visible).  
CCD18-U Slope of 51 degrees. Failure point is at contact between soil and saprolite 
CCD16-U 50-75 cm of fill above red soil.  
CCD27-U 0.3 m of fill. 
CCD22-U Failed in fill. Lots of runoff from the road and the house during storms.  
CCD20-U Mostly fill from the road with some redder soil mixed with debris 8-10m below the road. 
CCD24-U ~1 m of fill below back porch. 
CCD23-U Soil is fill or tan sand (was not able to access); saprolite is likely failure plane. 
 
Regolith generates soil depth models on a cell by cell basis, meaning that extracting a simulated 
pixel value that represents the exact observed data pixel value at the field collection location is likely 
inaccurate. Furthermore, data collection points were not always within landslide polygons because the 
GPS field logger was typically observing and recording from an adjacent road. The approach used here 
for preparing a more accurate data set for calibration includes moving mapped observed landslide data 
points to the center of the corresponding landslide mass polygons (if necessary) and creating a buffer 
zone around each point (a circular polygon using the ArcMap Buffer tool), based on mean landslide 
widths and lengths in the study area. In this case, a 5-meter buffer was used. This approach will improve 
the accuracy of each observed data point by the selection and averaging of a suite of simulated soil depth 
pixels that will be compared with the observed maximum depths to slide plane. This process is described 
below. 
Import calibration points (observed soil depth values) into ArcMap 
● Calibration points were provided in an excel spreadsheet provided in UTM Zone 19N coordinates 
(Table 3.2). These points were added to the display as a shapefile using File>Add Data>Add XY 
Data 
Create a buffer zone around each calibration point (in this case 5m, see Table 3.1) 
● Use the ArcMap Buffer (Analyst) tool 
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3.5 Regolith Model Runs 
Regolith and TRIGRS have several input parameters that need to be defined to develop output 
files. Some input parameters have ranges of values, some were extracted from the available data, and 
some were unknown. Values of average slope angle and maximum depth were extracted from the 
observational data set and from the intersection of the slope grid and the landslide polygons. Observed 
values ranged from 31° to 48° (Table 3.3). Slope angle pixel values were extracted from the slope grid 
map where landslide source area polygons were defined. In the study area, the average slope angle 
within all landslide source areas was 36° and the maximum slope angle was 77°. The maximum average 
slope for a single landslide source area was 49° (Figure 3.3). A range of values for angle of stability from 
38° to 60° was used for calibrating models. The lower bound, 38°, represents the average slope angle of 
the observational data set, while the upper bound represents 99.5% of all pixels within landslide source 
area polygons. Although a range of values for angle of stability was tested, 60° was ultimately used for all 
models because it included 99.5% of all failure pixels, meaning that soil was able to develop up to that 
slope angle. The value for angle of stability in Regolith represents the maximum slope that soil can 
develop on. 
Maximum soil depth is another input for Regolith that was defined based on the available data. 
Specifically, maximum soil depth was extracted from the calibration point maximum depth values (Figure 
3.4). At some calibration points, depths included the depth of fill in the maximum depth value, which was 
subtracted from the maximum depth (Tables 3.1 and 3.4, and Figure 3.4). Four points were omitted from 
the calibration data set (CCD22-U, CCD20-U, CCD24-U, and CCD23-U) because they were 
characterized as deep failures in the saprolite with unknown depth, rockfall or completely composed of fill 
material (Table 3.4). 
 
Figure 3.3 Slope distribution graph of all slope pixels within landslide polygons; numbers above each bar 

































Figure 3.4 Histogram of soil depths for each calibration point, both observed and used. 
Soil depth models were generated in Regolith using several different iterations of input 
parameters. Regolith is currently not publicly available, but it is planned to be released by the USGS in 
the future. Once available, this procedure can be referenced for use with the program. Procedure and 
value ranges are as follows. 
● Create a copy of the Regolith program to the desktop and navigate to the folder.  
● Open rg_in.txt, change input values for each iteration (outlined below), save, and run executable. 
▪ A Characteristic Soil Depth (H0) of 0.3-0.5 was tested in each model type. 
▪ Angle of Stability (sc) was run at a range of values from 40 to 65 degrees. 
▪ Diffusion Ratio (dif_ratio) was varied from 0.005 to 10. The typical diffusion of the study 
area soil was unknown requiring trial and error calibration to find the best fit input value. 
▪ Maximum depth (d_max) was varied from 2 to 3.5 meters. 
▪ Minimum depth (d_min) was held constant at 0.1 meters for all tests.  
▪ Calibration Factor (Cal_fac) was tested from 0.01 to 10 in the DRS2 and WNDX models. 
Calibration factor was unknown requiring trial and error calibration to find the best fit input 
value. The calibration factor is simply an empirical constant that is only used in the DRS2 
and WNDX models. 






















▪ Chan_thresh, chan_depth, and num_steps were held constant for all tests at 1500, 0.5, 
and 500 respectively.  
▪ Topographic and Soil Smoothing (topo_smooth, soil_smooth respectively) were tested 
concurrently and individually.  
● Open Windows Command Window and navigate to the regolith folder (cd desktop\regolith\). 
● Run the “regolith” program (type in “regolith” and press enter). 
● Run several iterations of each model as outlined above, the results will be in the regolith\output 
folder selected and can be imported into ArcMap for analysis.  
3.6 Python Tools for Regolith and TRIGRS 
Python is a powerful tool for minimizing the time required to complete repetitive tasks. The 
calibration process for soil depth models and landslide susceptibility models is time-consuming and labor 
intensive. Each model type was developed for select geographic and climatic conditions based on the 
primary modes of sediment transport requiring calibration in new regions. Additionally, soil properties 
such as cohesion and failure angle will vary in different geologic settings, weathering environments, and 
land covers.  
An incremental process was developed using Python to input value ranges into the text file for 
Regolith and TRIGRS for the input parameters that had ranges of values. This provides a streamlined 
process that allows for exponentially more combinations of values to be tested, resulting in an easier and 
improved workflow. Landslide susceptibility models typically over-predict or under-predict failures, making 
it challenging to evaluate and quantify the best fit model. A conservative approach would be to adopt the 
models that over-predict. The goal of this tool is to narrow the error margins on the models by increasing 
the number of models run at different combinations of input values. The required software and 
instructions for installation are as follows: 
Required Software: 
1) miniConda3 (anaconda command prompt)  
2) Jupyter Notebook 
3) Numpy 
4) Python 3.7 
First, install the miniConda3 software. This software opens a command line similar to the windows 
command line and will be the software required to install Jupyter Notebook, Numpy and Python. 
To install and open Jupyter Notebook on Windows: 
Open miniConda3 (anaconda command prompt) and enter: 
conda install -c conda-forge jupyterlab 




To install the necessary Python libraries and packages on Windows: 
Open anaconda command line and enter: 
Python -m pip install –user numpy scipy matplotlib ipython jupyter pandas sympy nose 
When all the software is installed, insert Regolith Iterations code from Appendix B (B.1) into a 
Jupyter notebook for Regolith and insert TRIGRS iterations code from Appendix B (B.2) into a separate 
Jupyter notebook for TRIGRS. 
3.7 ArcGIS Model Builder 
The multi-step and labor-intensive task of extracting the necessary data from the simulated 
results was simplified through the creation of an ArcGIS model builder tool. The tool imported each model 
run into ArcMap, clipped it to the defined buffer zones, calculated the pixel averages for each polygon, 
and added them to a table. This process was set up in model builder to perform eight model iterations at 
one time (Figure 3.5). The table of simulated results was compared quantitatively with the observed 
dataset at each point using an excel spreadsheet that was set up to calculate the selected summary 
statistics described in Section 3.8. Tools used and parameters are outlined below. 
● Clip (Analyst toolbox > Extract toolset) 
▪ Input: Soil Depth Map Raster 
▪ Clip Feature: Observed Data Point Buffer Zones (Section 3.4) 
● Zonal Statistics (Spatial Analyst toolbox > Zonal toolset) 
▪ Zones: Observed Data Point Buffer Zones (Section 3.4) 
▪ Input: Clip Output 
▪ Statistic Type: Mean 
● Raster to Point (Conversion toolbox > Raster toolset) 
▪ Input: Zonal Statistic Output 
● Spatial join (Analyst toolbox > Overlay toolset) 
▪ Target Feature: Observed Data Point Buffer Zones (Section 3.4) 
▪ Join Features: Raster to Point output 
For a new set of 8 iterations, the model was opened in edit mode and the 8 inputs were changed 
to the new 8 soil depth map iterations in the data frame. The final shapefile was renamed, the play button 
was then selected to run the new 8 iterations. The attribute table of the new shapefile was then copied 





Figure 3.5 Buffer Data Extraction Model. A) Overview of the entire model. B) Snapshot of a single 
iteration from the model. C) Snapshot of the Spatial Join process to the final output shapefile, orange 





Figure 3.5: Continued 
3.8 Summary Statistics  
Soil depth maps were calibrated and evaluated using statistical methods. The metrics include the 
correlation coefficient (r), coefficient of determination (R2), alpha (α), beta (β), mean squared error (MSE), 
Nash-Sutcliff efficiency (NSE), Euclidian distance (ED), and Kling-Gupta efficiency (KGE) (Gupta, 2009). 
There are numerous statistical methods that have been developed to judge the accuracy of correlations, 
but the ones chosen for this research are those most widely used for hydrogeological model calibration. 
For example, Kesgin et al. (2020) successfully used the NSE, KGE and R2 metrics for comparing 
observed and simulated drainage outflow hydrographs for investigating the drainage behavior of sports 
fields. Another study completed by Zeng et. al. (2012) successfully used the NSE, R2, and r metrics for 
evaluating the accuracy of river flow forecasting. Below is a brief description of each of the selected 
statistical metrics that will be used in this study. 
● Correlation Coefficient (r) –Measures the degree of linear relationship between two variables. 
● Coefficient of Determination (R2) – Measures the concentration of data points around the best fit line. 
● Standard Deviation (σ) – Measures the amount of variation in a set of values. 
● Mean Depth (μ) – Averages the depths in a set of values. 
● Alpha (α) – Measures the relative variability in the simulated and observed values.  𝛼 = 𝜎𝑠/𝜎𝑜      (3.1) 
● Beta (β) – Measures bias based on population distribution.  𝛽 = 𝜇𝑠/𝜇𝑜      (3.2) 
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● MSE – Measures the average squared difference between the simulated and observed values.  𝑀𝑆𝐸 = 1𝑛 ∗ ∑ (𝑥𝑠,𝑡 − 𝑥𝑜,𝑡)2𝑛𝑡=1      (3.3) 
Where, 
n = Number of comparison points 
xs,t = Simulated depth 
xo,t = Observed maximum depth 
● NSE – This is a common measure of choice for reporting model performance similar to MSE but 
accounts for variance within the observed data set.  𝑁𝑆𝐸 = 1 − 𝑀𝑆𝐸𝜎𝑜2       (3.4) 
● ED – The distance from the ideal point in three dimensional space. The ideal point being r=1, α=1, 
and β=1, which would make Equation 3.5 equal zero. 𝐸𝐷 = √(𝑟 − 1)2 + (𝛼 − 1)2 + (𝛽 − 1)^2    (3.5) 
● KGE – An alternative version of NSE for reporting model performance that considers different types 
of model errors.   𝐾𝐺𝐸 = 1 − 𝐸𝐷      (3.6) 
3.9 Receiver Operating Characteristics Analysis (ROC) 
Landslide source areas used in the ROC analysis were defined by cutting the polygons from the 
landslide polygons shapefile (Bessette-Kirton et al., 2019a) based on general landslide geometry and 
best judgement. In general, source areas were delineated from run-out zones by cutting the landslide 
polygon where the hillslope ends and becomes perpendicular to the drainage channel or where the 
landslide polygon suddenly and significantly narrowed downslope. Figure 3.6 is a map of the landslide 
polygons cut to runout zones and source areas. The accuracy of the source areas versus runout zones is 
estimated here because the post-Hurricane Maria LiDAR is not available for generating differences in 
elevation. Differences in elevation would reveal areas of erosion versus deposition. Factor of safety maps 
generated in TRIGRS from the best fit soil depth maps were compared with landslide polygons mapped 
by the USGS within the study area quantitatively and graphically using receiver operating characteristics 
(ROC). ROC analysis is a tool used to visualize, organize, and select classifiers based on their 
performance with observed data (Fawcett, 2006). A framework for this process was developed and used 
as another check on the soil depth calibration. Slope stability is strongly controlled by depth of soil in 
infinite slope analysis and provides an additional metric for calibration. TRIGRS was run at different 
combinations of cohesion (c’) and friction angle (φ) using the best fit soil depth model from the summary 
statistics analysis. Cohesion was estimated to be 1500 to 2500 Pa and φ was estimated to be 41º to 45º 
for the soils produced by intrusive rocks in Utuado. These ranges were produced by Rex Baum at the 
USGS using the methodology outlined in Baum et al. (2019). This methodology uses a synthetic depth 




Figure 3.6 Map of landslides and corresponding source areas. 
with observed source area depths and slopes. Model runs within the value ranges for c’ and φ were 
vetted using a minimum dry condition (water table at soil/saprolite interface) percentage of factor of safety 
(FS) pixels less than 1 (dry condition % of FS pixels < 0.1%). Under dry conditions, all slopes should be 
stable. Models that have 99.9% of FS pixels greater than or equal to 1 under dry conditions are run again 
with the water table at ground surface (fully saturated), which should make all potential slope failures 
become unstable. Results from the simulations with the water table at the ground surface were plotted in 
a contingency table with the false positive rate (FP-Rate) on the x-axis and true positive rate (TP-Rate) on 
the y-axis. ROC accuracy and precision were calculated for each step in the FS calculation. This method 
of evaluation has been used in other landslide susceptibility studies, specifically for results from TRIGRS 
(Baum et al., 2011). The following is a description of how the simulated and observed data will be defined 
in the ROC analysis. Figure 3.7 is an illustration of each component of ROC as it relates to the slope 
failure polygons. Contingency table values and equations for FS maps are outlined below. 
Positives (P)  = Total # of pixels within know landslides areas 
Negatives (N)  = Total # of pixels outside of known landslide areas 
True Positives (TP) = Total # of pixels with FS<1 within known landslides areas 
False Negatives (FN) = Total # of pixels with FS>1 within known landslides areas 
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True Negatives (TN) = Total # of pixels with FS>1 outside known landslides areas 
False Positives (FP) = Total # of pixels with FS<1 outside known landslides areas   𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒 = 𝐹𝑃𝑁      (3.7)   𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒 = 𝑇𝑃𝑃      (3.8) 
       𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃+𝑇𝑁𝑃+𝑁       (3.9)   𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃/(𝑇𝑃 + 𝐹𝑃)     (3.10) 
  
Figure 3.7 Illustration of TP, FP, FN, and TN positions. Tan is all pixels inside known landslide boundaries 
(sum of pixels equals P), green is all pixels outside of known landslide boundaries (sum of pixels equals 
N). 
3.10 Evaluating additional factors potentially predictive of landslide susceptibility 
The focus of this section of the research will be on human-made landscapes and vegetation 
covers, to provide an additional metric in the overall slope stability in the study area. As noted previously, 
TRIGRS is only an infinite slope model that can incorporate pore pressures and a few other geotechnical 
factors. Land use and land cover factors were evaluated using spatial statistics to better understand their 




Figure 3.8 Map of roads, buildings and landslide source areas 
The first factor is the distance of roads and buildings to landslide failure polygons (Figure 3.8). 
Roads and buildings were mapped using visual observations of the aerial imagery and creating polylines 
and polygons accordingly. Instability in these cases can stem from increasing load on the head of the 
landslide (fill and waste material increasing the driving forces), debuttressing of the toe (excavating cut 
slopes decreasing the resisting forces) or altering drainage patterns and infiltration (increasing pore 
pressure or erosion). Although the pre-event DEM does include all of the land modifications that existed 
at that time and did influence the results of Regolith and TRIGRS, the influence is not simple. In Regolith, 
human-made alterations to slopes are not fully accounted for. Regolith does not include any models that 
would determine the amount of fill below roads or buildings in addition to the natural soil development, 
and does not produce soil on cut slopes greater than the angle of stability. Thus, loading on the head of 
the landslides due to human alterations is an unknown. However, the pre-hurricane topography of roads 
and buildings would be representative of the flow-routing for sediment transport, which is accounted for in 
the models. In TRIGRS, cut slopes are accounted for in the factor of safety map because the 
debuttressed slope is part of the pre-event topography. Loading of the head would not be accounted for 
because the depth of placed fill or waste rock and soil is unknown in the infinite slope analysis. The water 
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table was run at the ground level, so infiltration is not applicable. The ArcMap Near tool was used to 
calculate the shortest distances between each landslide polygon and the roads and buildings. Using the 
shortest distance to the source area polygon makes the method more conservative but also highlights the 
hypothesis that the roads and buildings are acting as the initiation points of failure that may be 
underrepresented in the landslide susceptibility map. Using the shortest distance was also a readily 
available tool for analysis in Arcmap. 
The second factor that was evaluated in this research was land cover. Figure 3.9 shows the 
distribution of land covers in the study area. Throughout the history of Puerto Rico, the surface has been 
dramatically altered from its natural state for economic reasons, specifically for lumber production, 
agriculture, and urban development. These changes have a significant effect on soil development, soil 
mechanical properties, vegetation distribution, infiltration and drainage, all of which affect slope stability. 
Vegetation cover is not accounted for in Regolith or TRIGRS in terms of its effect on water infiltration, or 
the shear and tensile strength provided by root structures.   
The ArcMap “Select by Location” tool was used to determine the frequency of landslide 
headscarp points completely contained within each land cover polygon type. Because land cover 
polygons span over the full range of slope angles and landslides do not generally occur on shallow 
slopes, the land use map was also cut to areas that had a slope greater than 15⁰ for calculating the area 
coverage of each land use type. It was important to distinguish the relative frequency of landslides to the 
relative percentage of coverage of each land cover type. For example, a 40% landslide frequency would 
be expected in a land cover type that covers 40% of the total area if the landslides were evenly distributed 
across the terrain. On the other hand, 40% of the frequency occurring in a land cover type that only 
covers 10% of the total area would be indicate a trend. Landslide density (landslides/hectare) was also 














This chapter outlines the results of this study. It is laid out following the relative order of the methodology 
above.  
4.1 Soil Depth Map Optimization 
 Based on several hundred soil depth model iterations using different combinations of input 
parameters into each model type in Regolith, the optimized inputs for each model type were identified. 
Table 4.1 outlines the best fit input parameters for each model type in the Utuado study area based on 
the summary statistics results. Table 4.2 outlines the calculated summary statistics for each optimized 
model type. A perfect model performance would have a corrcoef = 1, R2 = 1, Alpha = 1, Beta = 1, MSE = 
0, NSE = 1, ED = 0, and KGE = 1. In general, the model run with the lowest ED was chosen as the best fit 
model. In the cases where NSE or KGE was less than 0 (marked in red text in Table 4.2), the model run 
with Beta closest to 1 was selected (marked in green text in Table 4.2). This is because an NSE < 0 
indicates that the model performance is worse than the mean of observations (Gupta et al., 2009). 
Positive NSE and KGE are marked with green text, indicating where the model with the lowest ED was 
used. 
 The results of the summary statistics indicate that the NASD model is the best performing model 
for the observed data set (highlighted yellow in Table 4.2). The NASD model had the highest r, R2, NSE 
and KGE and the lowest ED and MSE amongst all the model runs and model types. Although it is not a 
strong correlation, the NSDA model is also shown here because it also includes area dependency and 
was the second best performing (highlighted in orange in Table 4.2).  The best fit soil depth maps for the 
NASD and NSDA models are shown in Figures 4.1 and 4.2. The rest of the optimized models can be 
found in Appendix A. 
Table 4.1 Summary of the best fit input parameters for each optimized model type.  




DRS1 - 60 0.03 2 0.1 - - - - 
DRS2 - 60 0.02 2 0.1 1.6 - FALSE FALSE 
NASD 0.5 60 1 2 0.1 - FALSE FALSE TRUE 
NDS1 0.5 60 0.1 2 0.1 - FALSE TRUE FALSE 
NDS2 0.5 60 0.08 2 0.1 - FALSE FALSE TRUE 
NSD 0.5 60 0.08 2 0.1 - FALSE FALSE TRUE 
NSDA 0.5 60 0.9 2 0.1 - FALSE FALSE TRUE 
WNDX - 60 - - 0.1 0.15 - FALSE TRUE 
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Table 4.2 Summary statistics results for each optimized model type. 
Utuado Best Fit 
Observation Max D (m) Used D (m) Mean D (m) wndx22 nsda12 nd2r1 nd1r1 nasd23 nsd13 drs1t13 drs2t7 
CCD16-U 1.2 0.45 0.7 0.409 0.278 0.613 0.768 0.277 0.731 0.782 0.955 
CCD22-U 1.3 1 1 0.807 0.725 0.804 0.975 0.799 0.664 0.725 0.804 
CCD27-U 1 0.5 0.5 0.500 0.403 0.760 0.866 0.336 0.780 0.599 0.524 
CCD18-U 1.2 1.2 0.5 0.686 0.873 0.498 0.596 1.081 0.979 0.714 0.893 
CCD14-U 0.75 0.75 0.3 0.799 0.679 0.770 0.819 0.641 0.530 0.516 0.343 
CCD7-U 0.6 0.6 0.3 0.953 1.126 0.873 1.030 1.010 0.729 0.512 0.338 
CCD11-U 0.45 0.55 0.3 0.562 0.342 0.674 0.640 0.407 0.524 0.560 0.429 
CCD9-U 0.45 0.45 0.15 0.461 0.405 0.469 0.464 0.392 0.761 0.527 0.369 
 
CorrCoef 0.510 0.576 -0.049 0.075 0.782 0.372 0.380 0.453 
RSQ 0.261 0.332 0.002 0.006 0.611 0.139 0.145 0.205 
Alpha 0.699 1.072 0.527 0.697 1.134 0.527 0.388 0.938 
Beta 0.941 0.878 0.993 1.120 0.899 1.036 0.897 0.846 
MSE 0.054 0.069 0.090 0.100 0.039 0.060 0.063 0.081 
Std 0.277 0.277 0.277 0.277 0.277 0.277 0.277 0.277 
NSE 0.300 0.109 -0.164 -0.296 0.488 0.217 0.186 -0.047 
ED 0.578 0.447 1.151 0.981 0.275 0.787 0.877 0.572 














Figure 4.2 Optimized NSDA soil depth model. 
4.2 Cohesion, Friction Angle, and Factor of Safety Maps (TRIGRS) 
Figures 4.3 and 4.4 show the factor of safety maps generated in TRIGRS with the water table at 
the ground surface (fully saturated) for the optimized NASD and NSDA soil depth models. The cohesion 
and friction angle used in these two models (c’=2500 and phi=45) met the dry condition criteria of 99.9% 
of all pixels having an FS of greater than 1 throughout the entire study area. Under dry conditions, the 
water table was defined as at the base of the soil. The rest of the optimized factor of safety maps can be 
found in Appendix A. Table 4.3 outlines the cohesion and friction angle used for each model.  
Table 4.3 Combinations of cohesion and friction angle used for each soil depth model type in TRIGRS. 
Model Type Cohesion (c’) Friction Angle (ϕ) 
DRS1 1500 41 
DRS2 1500 41 
NASD 2500 45 
NDSD1 2000 44 
35 
 
Table 4.3: Continued 
NDSD2 1500 44 
NSD 2500 45 
NSDA 2500 45 
WNDX 2000 44 
 
Figure 4.3 Factor of safety map for optimized NASD soil depth model. For reference, an FS of 1 would be 








Figure 4.4 Factor of safety map for optimized NSDA soil depth model. For reference, an FS of 1 would be 
light green. 
4.3  Receiver Operating Characteristics Analysis 
Receiver operating characteristics (ROC) analysis was completed for all eight best fit soil depth 
models that were run in TRIGRS (Figure 4.5). An ROC curve was generated for each soil model type by 
fitting a polynomial trendline connecting the FP-Rate/TP-Rate points for different factors of safety (FS). 
FS points used for the ROC curve varied for each model type depending on the distribution from FS 0.47 
to FS 11. In general, the FS points were from 0.8 to 2.0 with the FS increasing in steps of 0.1 or 0.2. An 
FS of 0.8 represents the point where the curve starts to show a trend or was the smallest tenth of an FS 
represented in the optimized map. An FS of 2 represents the upper boundary for all models. It was 
chosen based on the distribution of pixel values and how far out the curve was projecting. The objective 
here was not to set the boundaries before analysis, but to define them based on how high or low they 
needed to be to capture enough data to generate a representative ROC curve. Generally, an FS of 1 
delineates stable from unstable, meaning the resisting forces are greater than the driving forces or vice 
versa. However, in the case of geological analysis, there are many assumptions that are made to simplify 












































representative of instability. Generating a curve by applying higher FS and finding the FS that fits best is a 
conservative approach that is more likely to over-estimate than under-estimate. Resulting ROC curves 
are shown in Figure 4.5. The best fit TRIGRS models were determined by visual observations of the 
distance of the curve to the ideal point (0,1) in relation to the other curves, and from calculating the area 
under the curve (AUC) (Equation 4.1). Furthermore, the actual factor of safety that provided the best ROC 
results was determined using basic trigonometry (Equation 4.2), where the best factor of safety cut-off 
was the one with the shortest distance to the upper left corner of the graph. Resulting FS, FP-Rate 
(Equation 3.7), TP-Rate (Equation 3.8), accuracy (Equation 3,9), Precision (Equation 3,10), AUC, and 
distance are outlined in Table 4.4. As depicted in Table 4.4, the NASD and NSDA models perform the 
best in the ROC analysis having nearly identical results (highlighted green), with the NSDA having a 
slightly higher accuracy. Of the eight models, they have the highest AUC and the shortest distance to the 
ideal point. 𝐴𝑈𝐶 = ∑ (𝑇𝑃𝑅𝑎𝑡𝑒𝑛+0.1 + 𝑇𝑃𝑅𝑎𝑡𝑒𝑛)4𝑛=0.1 ∗ (𝐹𝑃𝑅𝑎𝑡𝑒𝑛+0.1−𝐹𝑃𝑅𝑎𝑡𝑒𝑛) ∗ 12   (4.1)       𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑓𝑟𝑜𝑚 𝐼𝑑𝑒𝑎𝑙 𝑃𝑜𝑖𝑛𝑡 (0,1) = √(𝐹𝑃𝑅𝑎𝑡𝑒)2 + (𝑇𝑃𝑅𝑎𝑡𝑒)2   (4.2) 
Table 4.4 ROC analysis results. 
Model Type Best FS FP-Rate TP-Rate Precision Accuracy AUC Distance  
DRS1 0.85 0.44 0.65 0.59 0.56 0.57 0.56 
DRS2 0.9 0.51 0.65 0.05 0.50 0.57 0.62 
NASD 1.5 0.35 0.68 0.07 0.64 0.67 0.48 
NDSD1 1.1 0.46 0.72 0.06 0.54 0.64 0.52 
NDSD2 0.9 0.31 0.57 0.07 0.68 0.64 0.53 
NSDA 1.5 0.33 0.64 0.07 0.67 0.67 0.49 
NSD 1.1 0.20 0.38 0.07 0.78 0.64 0.65 
WNDX 1 0.34 0.60 0.07 0.65 0.64 0.53 
 
4.4  Distance from Roads and Buildings 
 The results of measuring and analyzing the distances of landslide polygons to roads and 
buildings are shown graphically in Figures 4.6 and 4.7. Figure 4.6 shows that over 1/6 of landslides 
occurred within 0 to 5 meters of roads (highlighted in orange in Figure 4.6). A threshold of 1/6 represents 
the highest single column value in the distance to roads histogram and almost three times greater than 
the next highest. Applying the same 1/6 threshold to the distance of source area polygons to buildings, 
Figure 4.7 shows that over 1/6 of landslides are within 0 to 10 meters of buildings (highlighted orange in 
Figure 4.7). In both cases, the curves exponentially decrease in frequency with further distance. Roads 
and buildings are expected to have similar effects on stability, but were graphed separately here for 




Figure 4.6 Histogram of landslide frequency in relation to distance from the roads. 
 




Figure 4.8 FN-Rate and landslide frequency in relation to distance from roads.
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from roads. This graph shows that the FN-Rate decreases approximately linearly by about 20% from 0 to 
20 meters from the road and then mostly levels out until about 45 meters. From 45 to 105 meters the FN-
Rate starts to have a higher variability, with the FN-Rate jumping up and down. The higher variability is 
likely an error due to the number of polygons being analyzed (orange columns in Figure 4.8). The last 
column in Figure 4.8 (no label) represents all polygons that are greater than 105 meters from the road, 
which also has a FN-Rate approximately 12% lower than the FN-Rate at 0 to 5 meters. Although not a 
strong correlation, when combined with the other metrics used in this study, it indicates that the roads are 
influencing the slope stability. 
4.5 Land Cover 
 Land cover was analyzed in two ways, (1) percentage of all landslides within each land cover 
type compared with the total area covered by each land cover type that was greater than 15-degrees, and 
(2) number of landslides per hectare in each land cover type. Less than 2.5% of all slope pixels within 
landslide source area polygons were steeper than 15 degrees (Figure 3.3). The purpose of excluding the 
pixels less than 15º from the analysis was to eliminate the flat topography that would otherwise skew the 
results, because the objective was to only include slopes where landslides have a chance of occurring. 
Figure 4.9 shows the results of the percentages of landslides per land cover type versus the percentage 
of area covered by each land cover type. Table 4.5 shows landslides per hectare and quartile of slope for 
each land cover type. The results from this analysis show that anthropogenically modified land 
(grasslands, pastures, and urban development) has a higher density of landslides/hectare than the other 
types of land cover and have 68%-70% of slope angles in the 26º-44º range. Alluvial and non-calcareous 
shrublands and woodlands also have a relatively high landslide density with 86% to 89% of slope angles 
below 44º, while all categories of evergreen forests and active or abandoned coffee plantations had low 
landslide densities. 
Table 4.5 Landslide density and quartile of slope for each land cover type. 
Land Cover Landslides/Hectare 15º-26º 26º-35º 35º-44º 44º-77º 
Low-density urban development 2.28 20% 34% 34% 12% 
Lowland moist abandoned and 
active coffee plantations 
0.95 56% 22% 14% 8% 
Lowland moist alluvial shrubland 
and woodland 
1.98 37% 29% 23% 11% 
Lowland moist noncalcareous 
shrubland and woodland 
1.72 20% 34% 34% 14% 
Mature secondary lowland moist 
alluvial evergreen forest 
0.00 11% 26% 43% 20% 
Mature secondary lowland moist 
noncalcareous evergreen forest 
0.74 22% 32% 33% 13% 
Moist grasslands and pastures 2.60 17% 34% 36% 13% 
Young secondary lowland moist 
alluvial evergreen forest 
0.00 14% 6% 39% 41% 
Young secondary lowland moist 
noncalcareous evergreen forest 




Figure 4.9 Column chart of headscarp point distribution in relation to landcover type and distribution of 






This chapter provides a review and discussion of the results presented in Chapter 4. 
5.1 Model Tools 
 Three tools were developed for this research project: (1) an ArcMap Model Builder tool (Buffer 
Data Extraction Model), (2) Regolith Iterations, and (3) TRIGRS Iterations. Copies of the code for each of 
these can be found in Appendix A. This section of the discussion is intended to discuss the benefits of the 
model tools. 
5.1.1 Buffer Data Extraction Tool  
 This tool was necessary for generating the simulated data set that was used for comparison with 
the observed data set. This tool and approach resolved three issues: (1) that the data point could have 
been observed anywhere in the landslide source area, but only represents a single pixel, (2) it reduced 
the potential errors caused by abrupt changes in topography, and (3) it dramatically reduced the labor 
time for creating simulated data sets for hundreds of model runs. 
 As mentioned in Section 3.4, observed data points were not always within the landslide source 
areas, or they were in easily accessible locations within source areas. Estimations of mean and maximum 
depth were either taken by another field team member or from the observation point. This means that the 
actual coordinates of the points may not be spatially correct. By moving the points into the approximate 
center of the estimated source area and creating a buffer polygon around each point, average soil depth 
pixel values within the source area were able to be calculated, which is interpreted as being more 
representative than a single pixel, especially at a 1-meter resolution. At a high resolution, the soil depth 
maps may have abrupt changes in soil depth due to many factors that should be smoothed out. This 
model building tool is invaluable for reducing the time component of data processing and for reducing the 
potential for errors. This approach can be replicated using the diagram and instructions in Section 3.7.    
5.1.2 Automated Python Tools 
 The tools created for running the iterations of Regolith and TRIGRS mimic one another in that 
each rewrites the input text file for each iteration. Each tool is run in Jupyter Notebook, with the 
methodology discussed in Section 3.6. These two Python tools are again invaluable for reducing the time 
component of calibration, and have the potential to improve the accuracy of the results.  A copy of the 
instructions and code is provided in Appendix B so that it can be used in other studies.   
The python tool for regolith was used to run batches of 10-30 values for sediment diffusion ratio 
and calibration factor. Batches started with high increments of values such as 1, 2, and 3 to narrow in on 
the likely values. Then, it was run again in smaller increments, such as 0.01 where it performed best. This 
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approach was able to cast a wide net at the beginning for the unknown values to narrow in on the 
optimized parameters much quicker than random guessing and checking by running one model at a time. 
The parameters in this case are not based on field verified data, but by best fit.  
The python tool for TRIGRS was able to run all 20 combinations for cohesion and friction angle 
for each model type under dry conditions. It also evaluated the output grid to determine the percentage of 
pixels with a value less than 1 to see if the combination of inputs produced a map that met the threshold 
of 99.9% of pixels being stable. If that condition was met, the python script would automatically run the 
program again with the same input parameters with the water table at the ground surface. This approach 
streamlined the processing that would have otherwise had to have been done with a combination of 
ArcMap and TRIGRS for each model run. 
 In general, these tools were developed to aid in the calibration and model processing. This 
approach is recommended when input parameters for Regolith or TRIGRS have value ranges that need 
to be evaluated to find a best fit model. This approach could be modified to add and run all the variable 
input parameters at every combination, specifically in Regolith. However, this addition would greatly 
increase the amount of memory and RAM required for processing.  
5.2 Soil Depth and Landslide Susceptibility maps optimization 
 The resulting soil depth and landslide susceptibility maps produced in this study represent the 
model runs with the optimal input parameters, as summarized in Section 4.1 for Regolith and Sections 4.2 
and 4.3 for TRIGRS.  
5.2.1 Regolith Statistics 
 It was important that the results of each statistical value agreed with one another for 
distinguishing the best fit model. Figure 5.1 shows how each selected statistic trends as the input 
parameters change. Figure 5.1 is an example from the NASD model as the model gets closer to optimum, 
which is corrcoef=1, RSQ=1, Alpha=1, Beta=1, MSE=0, NSE=1, ED=0, and KGE=1. Here we see that the 
R2, r, NSE, and KGE all trend toward 1, while at the same time MSE and ED trend toward zero. This 
indicates that the selected statistics complement one another and can be viewed as a check on each 
other. The best fit model for each model type was determined by its ED, meaning the model run with the 
lowest ED is considered the best. ED combines the models correlation coefficient, variation, and mean for 
evaluating its fit, which makes it the most comprehensive metric and easiest to interpret (results are from 
0 to infinity). ED ranged from 0.275 (NASD) to 1.151 (NDSD2) for optimized models. However, when 
combined with the other statistical metrics, agreement was preferred. Redundancy in results for different 
methodologies provides a higher level of confidence than when the results are in disagreement. In some 
cases, the lowest ED value also had a negative NSE value. In general, a model correlation with a 
negative NSE is no better than a comparison of their means which compares the relative range of values 
for the simulated and observational data sets (Gupta, 2009). In the cases where ED was lowest but NSE 
was negative, beta (β) closest to 1 was used in lieu of the ED as the determining factor for the best fit 
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model run because β is the difference of the means of the models (NDSD1, NDSD2, and DRS2 had 
negative NSE). In general, those three models didn’t perform well in the selected study area. The 
alternative approach to the NSE method recommended in Legates and McCabe (1999) was performed as 
an additional summary statistic on the results. In this alternative, the σ2 in the denominator of the equation 
is reduced to only σ. This alternative method is supposed to reduce the effect of outliers in the data set. In 
this case, all the results that were negative turned to positive. Although this approach improved the NSE 
results, it did not affect the ED or KGE. 
 
Figure 5.1 Graph of r, R2, MSE, ED, KGE and NSE for several model runs with different input parameters 
for the NASD model type. 
The approach in this study was to find the input parameters in the models that had the best 
performance. The quantifiable performance of the models beyond just the best of what was tried can be 
derived from statistics literature. For example, from Davis (2002), a poor fit would have an R2 value less 
than 0.3, an interpretable trend would have an R2 between 0.4 and 0.6, and anything with an R2 greater 
than 0.7 would be considered closely conforming to the observed data set. The only models that had R2 
values greater than 0.3 were the NASD and NSDA models, indicating that the other models have poor fit. 
The NASD model has an R2 value of 0.611, indicating that it has an interpretable trend, while the NSDA 
model is barely above a poor fit at an R2 of 0.33. In the case of geologic studies, there are many factors 




5.2.2 TRIGRS and ROC Analysis 
The resulting best fit soil depth model type NASD was also the best fit models in the ROC 
analysis of the factor of safety maps. The agreement between the two stages of the modeling provides an 
additional level of confidence in the resulting best fit model type and input parameters.  
For some model types, there were multiple combinations of cohesion and friction angle that meet 
the dry condition criteria. In those cases, the model run with the lowest cohesion was prioritized, followed 
by the lowest angle of internal friction. Figure 5.2 is a sensitivity plot of the effects of cohesion and friction 
angle on the results for the NDSD1 model, which shows that they produce an almost identical ROC curve 
regardless of cohesion and friction angle combination. However, it also shows that the TP-rate and FP-
rates for each FS point on the ROC curve are lowest when cohesion is lowest (1500 Pa) and friction 
angle is highest (45⁰) (blue line on Figure 5.2), rather than when cohesion is highest (2500 Pa) and 
friction angle is lowest (42⁰) (green line on Figure 5.2). As expected, FS is highest when cohesion and 
friction angle are highest. The landslide source areas were estimated from the polygons that likely include 
both the source area and parts of the runout, and it is assumed that the source areas were typically 
overestimated. Allowing the lowest cohesion to take priority allows the friction angle to increase, which 
reduces the number of unstable pixels at the toe outside of the estimated source area instead of the 
whole slide area. In general, source areas were on steeper slopes near the tops of ridgelines. Thus, 
reducing the number of unstable pixels at the toe would effectively reduce the FP-Rate, while maintaining 
the same TP-Rate, which improved the ROC results.  
 The soil in the study area is characterized as a clayey sand, with only slight variations in color 
and particle size distribution. Clayey sand generally has an angle of internal friction around 31 to 40⁰ 
(Hunt, 2005 and Geotechdata.info, 2013). However, the only input parameters that met the dry condition 
criteria for the NASD model were cohesion of 2500 Pa and angle of internal friction of 45⁰. The high angle 
of internal friction could be due to several factors, including relatively thin soil deposits, particle shape, 
vegetation, and the potential for compacted soils on anthropogenically modified land. In the case of thin 
soils, the normal stress would be lower which would reduce the potential for grain size reduction and 
change in grain shape via grain crushing. The particle shape was not investigated during field data 
collection, but in general, if particles were more angular, it would give the soil structure higher strength 
and a potentially higher friction angle (Holubec and Dappolonia, 1971; Vangla and Latha, 2015). 
Vegetation on a slope can lead to an apparent cohesion and higher friction angle due to root structures 
and root tensile strength (Iman, 2017). Finally, more compacted soils can have a higher angle of internal 
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5.2.3 Best Fit Models  
 The best fit models were the NASD and the NSDA models. The NASD model was the best 
performing in the soil depth map summary statistics, while both the NASD and NSDA models were best in 
the TRIGRS ROC analysis. The optimized soil depth distributions for each model type varied greatly from 
one another, which strongly influences modeled areas of failure (Figures 4.1 and 4.2, and Appendix A). 
Unlike other models, the NASD and NSDA models include area dependency, in other words, upslope 
contributing area is derived from the flow accumulation grid and accounted for in the soil development 
equation. As upslope contributing area increases, soil depth increases. In Puerto Rico, it makes sense 
that these two models would perform the best because of the specific climate and topographic conditions 
that exist. In general, the study area consists of steep hillslopes that get frequent heavy rains and are 
heavily vegetated. It is inferred from these characteristics that the main drivers of sediment transport in 
this study area would be from rilling, overland flow, and mass movements, which is consistent with the 
description of the NASD model in Pelletier and Rasmussen (2009). This form of sediment transport 
concentrates the soil accumulation and development in drainage channels, which is also where almost all 
the failures occurring in the study area (Figures 4.1, 4.2, 4.3, and 4.4). As can be seen in Appendix A, the 
NDSD1, NDSD2, and WNDX models (Figures A.3, A.4, and A.6) likely over-estimate soil production 
across the landscape, while the DRS1, DRS2, and NSD models (Figures A.1, A.2, and A.5) likely under-
estimate soil production across the landscape. The other models are better applied to sediment transport 
processes not dominated by area dependency such as rain splash, freeze-thaw, bioturbation, and creep 
(Pellettier and Rasmussen, 2009).  
5.3 Importance of soil depth maps in landslide models 
 Soil depth is one of the most important characteristics to consider in landslide susceptibility 
modeling for shallow rainfall-induced landslides. Looking at the factor of safety equation (Equation 2.1), Z 
is a scalar in the denominator, meaning that increasing Z would effectively decrease the factor of safety. 
Similar to other studies, field data in this study imply that soil depth varies based on topography, so 
assuming homogeneous depth would either over- or under-estimate susceptibility significantly. We can 
see from the topographic locations of the landslide polygons in our study area that landslides are typically 
occurring in swales and on planar slopes (Figure 3.2). Thus, if we allow soil to have a homogenous depth, 
applying TRIGRS at full saturation would produce a strong over-estimate of unstable pixels because 
failures would also occur on the topographic spurs.  
One obstacle that was encountered in the first iterations of calibration was the lack of soil 
development on steeper slopes where landslides were occurring. When modeling soil depth, a careful 
consideration of angle of stability (sc) was necessary. This is because in Regolith, soil depth is zero on 
slopes greater than the angle of stability. The initial angle of stability was based on the average slope 
angle of the observed landslide calibration points within the lower range stated in Section 3.5. This made 
the results approximately as good as random guessing via significant under-estimation. The source area 
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polygons that included many high slope angle pixels appeared to be from cut slopes along roadways (up 
to 77°). In general, where road cut slopes were not observed, slope angles did not exceed 60°. This 
indicates that soil was able to develop on slopes up to 60°. Additionally, 99.5% of all pixels within 
landslide sources area polygons were within 0° to 60° (Figure 3.3). Thus, 60° was used for all model runs 
as the sc in Regolith.  
Four previous studies were compared with the results of this study to analyze the effect of soil 
depth on landslide susceptibility: Monroe (1979), Tetra Tech (2011), Lepore et al. (2012), and Hughes 
and Shulz (2020)  
5.3.1  Monroe (1979) 
 The susceptibility map was produced by Monroe (1979), using four categories: Highest, High, 
Moderate, and Low. Susceptibility rating was based on broad visual observations of landslide debris, 
topographic and geologic map interpretation, and potential of over-steepening by excavations for 
development. This study provides a good baseline and includes much of the critical information in the 
susceptibility rating delineations. However, the resolution is so low that it shows approximately 3/4 of the 
island has high to moderate susceptibility to landslides (Figure 5.3). This approach is very conservative 
and introduces errors (over-estimation) on a finer scale. When evaluating susceptibility for response 
efforts or site-specific evaluations and mitigations, this map would imply that the majority of the island 
apart from the northern coast is of moderate to high susceptibility to landslides. An ROC analysis was not 
completed on this susceptibility map, but it is inferred that it would have very high values for TP-Rate and 
FP-Rate (likely TP-Rate and FP-Rate equal to 1). 
5.3.2 Tetra Tech (2011) 
 This report was generated for the DMA 2000 Hazard Mitigation Plan for the Municipality of 
Utuado, Puerto Rico. The susceptibility rating was based on several factors including slope (>12°), aspect 
(east-northeast facing), elevation (>350m), geology, and land use. However, it fails to include the soil 
depth across the landscape. To evaluate the accuracy of this map, it was imported into ArcMap and areas 
of moderate and very high susceptibility were translated into polygons (Figure 5.4). An ROC analysis was 
then completed based on the amount of total area of moderate and very high susceptibility, and the 
amount of area within and outside of those polygons. It should be noted that the landslide polygons were 
based on a 3m buffer around the defined headscarp points. Results indicate that the susceptibility map in 
the DMA 2000 Hazard Mitigation Plan has a higher FP-Rate than TP-Rate (Table 5.1). Results also 
indicate that the successful identification of observed headscarp failure points within susceptible areas 
was only 52% (Table 5.1). The results were then compared with the results of this study (expanded to 
include the entire municipality) using the optimal input parameters for the NASD model. ROC was 
computed using the headscarp points from Hughes et al. (2019). These results indicate that the 









Figure 5.4 Map of moderate and very high susceptibility. Modified from Tetra Tech (2011).
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The TP-Rates are relatively similar; however, the FP-Rate is much lower for the methodology presented 
in this study. These results are consistent with the fact that the best soil depth models produced the best 
FS map results. This indicates that integrating the soil depth distribution into the susceptibility models is a 
critical component of the landslide susceptibility modeling and reduces the over-estimation. 
Table 5.1 Results of ROC analysis for Tetra Tech report. 
 
Table 5.2 Results of ROC analysis using the NASD model and optimized input parameters from this study 
on the entire municipality of Utuado. 
Utuado Municipality Headscarp 3m Buffer 
FP rate TP rate precision accuracy 
0.321 0.561 0.003 0.678 
 
5.3.3  Lepore et al. (2012), and Hughes and Shultz (2020) 
  The results of this study are relatively similar to the results by Lepore et al. (2012). Both have 
similar cumulative AUC values indicating that they perform about the same. The AUC results by Hughes 
et al. (2020) did have higher values than the results of both this study and the work by Lepore et al. 
(2012). As mentioned in the background section of this document, the model presented in this study was 
based on mathematical models that calculate the factor of safety without the use of the historical landslide 
inventory. It should be noted however that inventory was used to determine the best fitting cohesion and 
friction angle, but using the value ranges that were relative to field observations and the methodology 
outlined by Baum et al. (2019). The other significant difference is the scale of the resulting maps: the 
resolution of the final product of this study is 1 meter, while the resolution of the Hughes and Shultz 
(2020) map is 5 meter. Because of the resolution and localized scale specific to the Utuado municipality, 
the model presented here would be more fitting for identification of sources areas for use in volume 
calculations and run-out zone mapping. 
DMA 2000 Hazard Mitigation Plan ROC Results (Using Area as a metric and a 3-meter 
buffer around headscarp points) 
P (m2) N (m2) TP (m2) FP (m2) TN (m2) FN (m2) 
498951 297291793 259696 158188239 138641208 239255 
      
FP rate TP rate Precision Accuracy   
0.532 0.520 0.002 0.466   
 
TetraTech Headscarp Point Count  
17774 Total Landslide Headscarp Points in Utuado 
9246 Headscarp Points w/in Moderate-Very High Polygons 
8528 Headscarp Points Outside Moderate-Very High Polygons 
52 Successful Identification (%) 
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 5.4  Other Factors Potentially Predictive of Landslide Susceptibility 
 Predicting the stability of slopes is extremely complex because of the variable geotechnical, 
hydrological, geomorphological, and environmental factors that influence stability. In addition to these 
natural factors, anthropogenic influences also play a crucial role in determining susceptibility. We see a 
trend that indicates that modified land (not including coffee plantations) has a higher likelihood of failure 
than unmodified (Table 4.5 and Figures 4.6 through 4.9). These results are similar to previous studies 
pointing toward a need for integrating land use into the models (Brenning et al., 2015; Larsen and Parks, 
1997; Larsen and Torres Sanchez, 1998). However, it is unclear how the influence of anthropogenic 
modification can be integrated into landslide susceptibility modeling because of variations across the 
landscape.
 
Figure 5.5 ROC curve of Utuado municipality NASD model. Above the black line is better than random 
guessing and below is worse than random guessing. The blue line shows the ROC curve for the 
optimized FS map (Steps of FS are above each point). 
5.4.1 Urban Development (Roads and Buildings) 
Figures 4.6 and 4.7 show that there is a significantly higher landslide frequency within 0-10 
meters of a major road or building (orange columns). The shape of the graph also indicates that the 
frequency of occurrence decreases exponentially from 0 meters to the farthest distance from a road or 
























Utuado Municipality Headscarp 3m Buffer
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negative rate is relatively steady with distance from roads, other than where it decreases linearly from 0-
20 meters from the road. The decrease shows that there is a higher number of false negatives closer to 
the road that indicates the pixels closer to the road are one of the sources of error in the model. This does 
not show a strong correlation and beyond 90 meters even a negative correlation, but helps to explain the 
trend we see Figures 4.6 and 4.7. However, it should be noted that the error increases significantly with 
distance because there are fewer landslide polygons representing each bin (Figure 4.8). For example, 
from 0-5 meters there are 103 landslide polygons, while there are only 6 polygons in the 100-105 meter 
bin. The results here agree with all previous studies that point towards anthropogenically modified lands 
having higher susceptibility (Monroe, 1979; Larsen and Torres Sanchez, 1998; Lepore et al., 2012; 
Hughes and Schultz (2020)). 
Altering the landscape for roads and buildings has many effects on the slope stability because of 
the addition, removal, or moving of materials during the process (Larsen and Parks, 1997). In many 
cases, roadways cut through the mountainsides leaving behind steep cut slopes along the edges of the 
roads that can potentially debuttress the slope. Debuttressing decreases the resisting forces on the 
landslide mass, allowing it to fail downslope. Also, slopes that were stable at lower angles can fail as 
steepening brings a slope closer to its critical angle of stability. Building infrastructure can also add mass 
in the form of fill to the top of a slope, increasing the driving forces on it and potentially making it unstable. 
Dumping construction waste rock and soil off slopes could have the same effect on the slopes below. 
This would effectively load the head of the slope below, increasing the driving forces. The effect of 
additions and removals of materials may not be apparent immediately or even for several years after 
construction, as the triggering of failure may be associated with pore water pressure increases and 
effective stress decreases (Larsen and Parks, 1997). Additionally, construction of roads and buildings can 
significantly alter drainage patterns, which can in turn affect soil deposition, soil erosion, and infiltration. 
Based on the results and analysis of the effects of land alteration, it is likely that the construction of roads 
and buildings has some influence on instability, which could be evaluated further in future studies. 
5.4.2 Land cover 
Land cover also appears to have a significant effect on slope stability, with the highest 
susceptibility being in urban development and grasslands and pastures, followed by shrublands and 
woodlands (Table 4.5 and Figure 4.9). Different varieties of evergreen forest (mature secondary, young 
secondary, alluvial, and non-calcareous) had the smallest effect on slope stability, with approximately half 
to less than half of the amount of landslides/hectare in comparison with the urban developments, and 
grasslands and pastures (Table 4.5). Abandoned and active coffee plantations also had a lower density of 
landslides/hectare. 
Showing the highest landslide density, urban developments, grasslands, pastures, shrublands, 
and woodlands generally lack a high density of large vegetation and thus have reduced protection from 
storms and decreased slope and soil strength. Canopy cover can also alter how water does or does not 
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intersect the ground surface. With a lower, less dense canopy cover, a slope will receive more water and 
have higher infiltration than a slope with a dense and high canopy protecting it. Higher infiltration means a 
higher likelihood of elevated pore pressures leading to slope failures. These areas also have increased 
shallow rooted vegetation such as shrubs, that can increase soil permeability and infiltration, which can 
lead to elevated pore pressures (Iman, 2017). 
 In areas with thicker canopy cover, water can also be stored on the leaves and stems of the 
plants and returned to the atmosphere via evapotranspiration, reducing the total amount of water the soil 
receives (Iman, 2017). Additionally, deeper, thicker, and more dense roots can increase shear strength 
through root reinforcement leading to higher stability. Roots can act essentially as anchors through root 
tensile strength or as shear keys bridging across potential shear surfaces, both of which increase the 
stability of slopes (Iman, 2017).  
The results of this study differ from that of Hughes and Schultz (2020) in that the abandoned and 
active coffee plantations were the worst indicator in this study, while they were the best indicator in their 
study. This could be due to the scale of each of the projects. The study area presented here may have a 
larger amount of land coverage by abandoned and active coffee plantations than is typical in other areas 
of Puerto Rico. This would decrease the density because the landslide occurrences would be evaluated 
over a higher than typical amount of area. The other difference to consider is that the areas within each 
landcover that were less than 15º were omitted from the analysis. Omitting part of the land cover 
effectively increases the density of factors that cover a significant amount of flat land. This indicates that 
there is the potential for bias in results on a small scale (2 kilometers x 2 kilometers) versus a large scale 
(island-wide). 
5.5 Limitations 
 Although this study is an improvement on previous work, limitations still exist that should be 
documented, including the number of field data points in the study area, soil mechanical properties 
estimation, and the capabilities of the software.  
5.5.1 Data Points 
 In statistical analysis it is not always clear how many data points are necessary to provide a high 
confidence level in the results, and at what point does having more points become unnecessary. This 
often comes down to a balance between cost and accuracy. In this study, we are presented with 8 field 
data points that were verified for depth of soil based on field observations and notes. The number of data 
points was limited by time, cost, and accessibility. They span a range of slopes from 31 to 44 degrees 
and a range of depths from 0.45 to 1.2 meters. This is likely a lower than the optimal number of data 
points to use in these types of analyses, however, the data points span good ranges of slope and depth 
considering the maximum and minimum expected. An adjusted R2 was attempted on the data, but did not 
prove to be valuable. This is because a model solution is considered non-unique if the model has more 
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parameters than the number of data points. In this study there are 4 to 7 degrees of freedom and 8 data 
points in the dataset classifying it as statistically non-unique. However, when considering the physical and 
theoretical constraints in this study, the uniqueness/non-uniqueness is not purely statistical. This study 
could be complemented by additional field data collection or a difference map of pre- and post- Hurricane 
Maria topography.  
5.5.2 Soil Mechanical Properties 
 Some of the soil mechanical properties such as diffusion, angle of stability, internal friction angle, 
cohesion, and calibration factor were challenging to define based on the data collected in the field and the 
limited number of soil samples. Therefore, ranges of values were used to optimize the inputs for these 
properties in the models. A basic sensitivity analysis was completed based on the summary statistics 
results for each change in model input parameter. It is noted that the soil mechanical properties are likely 
not homogeneous and vary across the landscape, especially on a municipality size scale, but for 
simplicity, homogeneous properties were used in this study. Future studies could improve on these 
results by creating soil zones with different mechanical properties that would be run for comparison. The 
optimized input parameters for soil mechanical properties mostly agree with the unpublished limited 
sample testing results by the USGS and what would be expected for the study area. This data set is not 
presented in this study because it was not formally released by the USGS. 
5.5.3 Software  
 The software used in this study is limited in capability based on the accuracy of the input data 
parameters and rasters (Sections 5.5.1, 5.5.2), their ability to model human-altered topography (Section 
4), and topographic and climatic regions (5.2.3). Limitations for Regolith vary depending on the model 
type. In general, weathering rates, lithology, and sediment transport are not homogeneous, but the 
models in this study provide estimates of soil depths that are more accurate than assuming 
homogeneous depth. TRIGRS is an infinite slope analysis which assumes an infinitely wide slope and is 
inherently conservative. It assumes homogeneous cohesion and friction angle, which is likely variable 
over the landscape, especially on a municipality wide scale. These two software packages are also 











 This thesis presents a framework for calibration and optimization of landslide susceptibility 
modeling for shallow rainfall induced landslides. It also investigates the land use and land cover factors 
that may be predictive of landslide occurrence. The methodology used in this study lays out a framework 
for testing different soil depth models and optimizing input value parameters using statistical methods and 
the integration of several software packages. To compliment the software packages used here, three data 
processing tools were built to simplify the calibration process of soil depth maps and landslide 
susceptibility maps. The first (Buffer Data Extraction) is a data extraction tool for generating a simulated 
data set to be compared with the observed data set. The second and third tools (Regolith Iterations and 
TRIGRS Iterations) were developed to optimize processing time and improve accuracy of results in 
Regolith and TRIGRS. They can be implemented in future studies by following the instructions in the 
methodology and discussion sections of this thesis and using the code provided in Appendix B.  
The key findings of this study are as follows: 
- Soil depth is an important control on shallow rainfall-induced landslides. 
- The slopes with the highest susceptibility had slope angles from 45 to 60 degrees. 
- Batch processing and automated incrementing of the input parameters can drastically reduce the 
time component of calibration and optimization and improve model accuracy. 
- Results of the summary statistics for the soil depth maps and ROC analysis of the factor of safety 
maps indicate that the NASD soil depth model type is the best fitting model for the selected study 
area in Puerto Rico, which fits the primary modes of sediment transport that exist in Puerto Rico. 
- The selected statistical methods of this study were an effective method for calibration and 
optimization. 
- Proper calibration and choice of soil depth model type improves landslide susceptibility modeling 
results. 
- Anthropogenic land modification for roads and building, and grasslands and pastures are likely 
influencing instability and should be integrated into the modeling process. 
- Low density vegetation that is shallow rooted is also influencing instability and should be 
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B.1  REGOLITH ITERATIONS (Code intended for Jupyter Notebook) 
 
The code for the Regolith Iterations tool only allows the user to input ranges for dif_ratio and 
cal_fac. For the purposes of this project, all other inputs were held constant or were run separately to see 
how they affected the results. For input ranges for other input parameters, such as angle of stability (sc), 
alteration of the code past the first “if” statement is necessary. Otherwise, the other input parameters can 
be changed in the text file and run with the varying dif_ratio and cal_fac inputs.  
The important aspects of the Regolith Iterations code are the “##File naming” section, the 
np.range values, and the model type. In the third box from the top in Figure 5.1, the red text needs to be 
changed so that the file path names represent the paths on the user computer and under the “##User 
Inputs” section, the correct model type is typed in. Also, in the third box under the “##User Inputs” section 
are green numbers. These need to be changed to match the ranges of values for the user’s project and 
the steps in the range of values that is desired (minimum value, maximum value, step in value per 
iteration).                        
 
 
Figure B.1 Part of the Regolith Iterations code where the user needs to rewrite components. 









#third party imports 
import numpy as np 
 
In [2] 
def write_files(filename, lines): 
    with open(filename, 'w+') as f: 
        f.writelines(lines) 
 
In [3] 
##  REGOLITH  ## 
 
## File naming 
filename = "C:/Users/[UserName]/Desktop/regolith/rg_in.txt" 
dir1 = "C:/Users/[UserName]/Desktop/regolith" 
cmd = "C:/Users/[UserName]/Desktop/regolith/regolith.exe" 
 
## Iterative process  
## User Inputs 
model = "DRS3" 
dif_ratio = np.arange(0.01, 0.02, 0.01) #(low, high, interval) 
cal_fac = np.arange(0.5, 4.0, 0.5) 
#sc = np.arange(2500, 5100, 100) 
#max_depth = np.arange(2500, 5100, 100) 
 
if (model == 'DRS2' or model == 'DRS3'):  
    for d in dif_ratio: 
        for c in cal_fac: 
            f = open(filename) 
            lines = f.readlines() 
            f.close() 
             
            # rewriting variables 
            variable_line = lines[3].split(',') 
            variable_line[2] = d 
            variable_line[5] = c 
            variable_line = ",".join([str(i) for i in variable_line]) 
            variable_fname = model + "%s_%s\n" % (d, c) 
             
            # replacing lines 
            lines[3] = variable_line + "\n" 
            lines[7] = model + "\n" 
            lines[25] = variable_fname 
            fname1 = os.path.join(dir1, 'rg_in.txt') 
            write_files(fname1, lines) 
            subprocess.call(cmd) 
            sleep(10) 
             
elif (model == 'WNDX'): 
    for c in cal_fac: 
        f = open(filename) 
        lines = f.readlines() 
        f.close() 
         
        # rewriting variables 
        variable_line3 = lines[3].split(',') 
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        variable_line3[5] = c 
        variable_line3 = ",".join([str(i) for i in variable_line3]) 
        variable_fname3 = model + "cal_%s\n" % (c) 
         
        # replacing lines 
        lines[3] = variable_line3 + "\n" 
        lines[7] = model + "\n" 
        lines[25] = variable_fname3 
        fname3 = os.path.join(dir1, 'rg_in.txt') 
        write_files(fname3, lines) 
        subprocess.call(cmd) 
        sleep(10) 
 
else: 
     
    for d in dif_ratio: 
        f = open(filename) 
        lines = f.readlines() 
        f.close() 
         
        # rewriting variables 
        variable_line2 = lines[3].split(',') 
        variable_line2[2] = d 
        variable_line2 = ",".join([str(i) for i in variable_line2]) 
        variable_fname2 = model + "dif_%s\n" % (d) 
         
        # replacing lines 
        lines[3] = variable_line2 
        lines[7] = model + "\n" 
        lines[25] = variable_fname2 
        fname2 = os.path.join(dir1, 'rg_in.txt') 
        write_files(fname2, lines) 
        subprocess.call(cmd) 
        if (lines[7] == 'NDS1' or lines[7] == 'NDS2'): 
            sleep(90) 
        else: 
            sleep(10) 
 
B.2  TRIGRS ITERATIONS (Code intended for use in Jupyter Notebook) 
The code for the TRIGRS Iterations tool only allows the user to input ranges for cohesion and phi, 
thus similar to the Regolith Iterations tool, alteration of the code past the first “for” loop is necessary for 
automatically testing ranges of any other parameters. Otherwise, the other input parameters can be 
changed in the text file and then run with the different combinations of cohesion and phi.  
The important aspects of the TRIGRS Iterations code are the “##USER INPUTS##” section, the 
“##Folder paths and TRIGRS executable section”, and the “##Iterative process” value ranges. In the third 
box from the top in Figure A.2, under “##USER INPUTS##”, the red text needs to be changed so that the 
file names represent the names of the files on the user computer (soil_depth, slope_grid, and DEM) and 
the model name and identifier are defined. Next, is the “##Folder Paths and TRIGRS Executable” section. 
In this section the user inputs the folder_location file path only. Finally, in the third box under the 
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“##Iterative process” section are green numbers, these need to be changed to match the ranges of 
values for the users project and the steps in the range of values (minimum value, maximum value, step in 
value per iteration).   
 
Figure B.2 Part of the TRIGRS Iterations code where the user needs to rewrite components. 







#third party imports 
import numpy as np 
 
In [3] 
def write_files(filename, lines): 
    with open(filename, 'w+') as f: 
        f.writelines(lines) 
 
## TRIGRS ## 
 
## USER INPUTS ## 
model = "nsda" 
identifier = "nar" ## Identifying Folder Inside Input Folder 
soil_depth = "RG_nsd_a_smo_nsda2.asc" 
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slope_grid = "RG_slope.asc" 
DEM = "nar_filled_dem.txt" 
 
## Folder Paths and TRIGRS Executable 
output = "output/" 
folderID = identifier + model 
folder_location = "C:/Users/[UserName]/Desktop/TRIGRS/" 
outputfolder = folder_location + output 
dir = os.path.join(outputfolder, folderID) 
if not os.path.exists(dir): 
    os.mkdir(dir)     
output_folder = outputfolder + folderID 
filename = folder_location + "tr_in.txt" 
dir1 = folder_location 
dir2 = output_folder 
cmd = folder_location + "TRIGRS.exe" 
 
## Iterative process         
cohesion = np.arange(2500, 5500, 500) 
phi = np.arange(40, 46, 1)      
 
for p in phi: 
    for c in cohesion: 
        f = open(filename) 
        lines = f.readlines() 
        f.close() 
         
        # rewriting variables 
        variable_line = lines[10].split(',') 
        variable_line[0] = c 
        variable_line[1] = p 
        variable_line = ",".join([str(i) for i in variable_line]) 
        variable_fname = "%s_%s\n" % (c, p) 
        variable_line2 = lines[7].split(',') 
        variable_line2[1] = -1 
        variable_line2 = ",".join([str(i) for i in variable_line2]) 
        lines[7] = variable_line2 
        #variable_fname2 = "w%s_%s\n" % (c, p) 
         
        # replacing lines (Dry Conditions) 
        lines[10] = variable_line 
        lines[16] = "./input/" + identifier + "/" + slope_grid + "\n" 
        lines[18] = "./input/" + identifier + "/" + DEM + "\n" 
        lines[22] = "./input/" + identifier + "/" + soil_depth + "\n" 
        lines[24] = "./input/" + identifier + "/" + soil_depth + "\n" 
        lines[38] = "./output/" + folderID + "/\n" 
        lines[40] = variable_fname 
        fname1 = os.path.join(dir1, 'tr_in.txt') 
        fname2 = os.path.join(dir2, 'tr_in' + variable_fname.strip() + '.txt') 
        write_files(fname1, lines) 
        write_files(fname2, lines) 
        subprocess.Popen(cmd) 
        from time import sleep 
        sleep(8) 
         
        ## PASS FAIL 
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        outputfile = output_folder +"/TRfs_min_" + variable_fname.strip() + "_1.asc" 
        # % that less than 1 (-9999) 
        fsvals = np.loadtxt(outputfile, skiprows=6) 
        #fsvals2=np.loadtxt(outputfile) 
        fsvals1 = fsvals.flatten() 
        uv = fsvals1[np.argwhere(fsvals1>=1)] 
        uv = len(np.argwhere(uv != -9999)) 
        lv = fsvals1[np.argwhere(fsvals1<1)] 
        lv = len(np.argwhere(lv != -9999)) 
        percent_threshold = 0.02 
         
        ## PASS FAIL Outputs 
        if (100 * lv/uv >= .02): 
            np.savetxt(output_folder +"/F_TRfs_min_"+variable_fname.strip()+"_1.asc",fsvals) 
        else: 
            np.savetxt(output_folder +"/P_TRfs_min_"+variable_fname.strip()+"_1.asc",fsvals) 
         
        ## If # of FS pixels is <0.02 run again with water table at ground surface 
        if (100 * lv/uv < 0.02): 
            for d in depth: 
                f = open(filename) 
                lines = f.readlines() 
                f.close() 
                variable_line3 = lines[7].split(',') 
                variable_line3[1] = 0 
                variable_line3 = ",".join([str(i) for i in variable_line3]) 
                lines[7] = variable_line3 
                variable_fname2 = "w%s_%s\n" % (c, p) 
                lines[24] = "none" + "\n" 
                lines[40] = variable_fname2 
                fname1 = os.path.join(dir1, 'tr_in.txt') 
                fname2 = os.path.join(dir2, 'tr_inw' + variable_fname.strip() + '.txt') 
                write_files(fname1, lines) 
                write_files(fname2, lines) 
                subprocess.Popen(cmd) 
                from time import sleep 
                sle
 
